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Artificial Intelligence and Data Mining:
Enabling Technology for Smart Fields
Shahab D. Mohaghegh, Intelligent Solutions and West Virginia University

S

mart completions let engineers
intervene with details of wells’
operations from a distance.
Smart wells transmit nearly
continuous (real-time) data
streams (pressure, flow rate, etc.) to
the remote office, providing immediate
feedback on the consequences of
recent decisions made and actions
taken. Smart fields include multiple
smart wells providing the possibility
of managing the entire reservoir
remotely and in real time. Our industry
is now on the eve of making real-time
reservoir management (RTRM) a reality.
Artificial intelligence and data mining
(AI&DM) is one of the key enabling
technologies for RTRM. AI&DM enables
us to process, model, and use real-time
data streams, build accurate prototypes
of sophisticated reservoir-simulation
models that can respond to changes
in model input in real time to help us
make crucial reservoir management
decisions and close the loop on highfrequency feedback to the reservoir
model for making RTRM a reality.
In short, the contribution of AI&DM
technology to smart fields can be
summarized in two items: (a) It provides
the technological capabilities to
automatically and autonomously handle
high-frequency data streams received
from permanent downhole gauges
(data cleansing, data summarization,
pattern recognition, adaptive online
modeling, etc.); (b) It provides the
modeling framework and workflows
that allows the existing reservoirsimulation models to be run in real
time, thus making RTRM possible.

RTRM
Reservoir management is defined as
the practical science of developing
a hydrocarbon field in a manner
that maximizes ultimate recovery.
RTRM involves performing reservoir
engineering analysis in real time to
support frequent field-management
decisions, and using near-real-time
feedback on the consequences from the
reservoir/well to assess management
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Schematic diagram of the closed-loop RTRM.

decisions and reservoir performance.
Therefore, RTRM is the enabling
technology for the emerging smart
fields. It is the closed-loop process
during which the reservoir model is
continuously updated by the information/
feedback received from the field
(by means of high-frequency data
streams) that are the consequence of
the decisions made and implemented,
based on the reservoir model.
The ultimate benefit of the smart field
depends on the degree of our success
in building and implementing RTRM. In
other words, the value of high-frequency
data streams is realized once we are
able to use them in effectively updating
the reservoir model and subsequently
using the model to make field-operational
decisions. Therefore, the key to moving
toward successful smart field operation is
to be able to perform the following steps:
1. Acquire, process, and
analyze real-time, continuous
data streams from the wells.
These real-time pressure and
rate data provide indications of
reservoir reaction to the operational
decisions made by engineers
using the reservoir model.
2. Use the real-time data as
feedback to the reservoir model
By analyzing the high-frequency
data in the context of the reservoir
model, engineers can compare the actual
reservoir/well response with the model

predictions. Furthermore, the model can
be updated (modified) to compensate for
the discrepancies between its predictions
and reservoir/well responses.
3. Make operational decisions
based upon model simulations.
Make new operational decisions
by comprehensively analyzing the
solution space of the reservoir model and
make predictions on possible response
from the reservoir/well. Implement
the decisions. (Among the possible
decisions is to continue operations as is.)
4. Go to Step No. 1.
Perform all these analyses while
taking into account and quantifying
the uncertainties associated with the
reservoir model.
To accomplish steps 2 and 3, the
reservoir model must have the capability
of analyzing multiple scenarios in real
time (or near real-time) and provide
real-time responses to changes to the
model input or potential modifications
that can be made to the well operation.
The reservoir/well responses to the
modifications are reflected in highfrequency (real-time) data streams.
Fig. 1 is a schematic diagram of
the closed-loop RTRM concept.

SURROGATE RESERVOIR MODEL
The surrogate reservoir model (SRM)
has been developed in response to the
need for RTRM and to make it a reality
(Mohaghegh et al. 2009; Mohaghegh et
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al. 2006a; Mohaghegh 2006; Mohaghegh
et al. 2006b). An SRM is developed using
state-of-the-art capabilities in AI&DM.
AI&DM is a collection of complementary
analytical tools that attempt to mimic life
when solving nonlinear, complex, and
dynamic problems. AI&DM consists
of, but is not limited to, analytical
techniques such as artificial neural
networks (Mohaghegh 2000a), genetic
optimization (Mohaghegh 2000b), and
fuzzy logic (Mohaghegh 2000c).
An SRM is an accurate replica of
a complex reservoir-simulation model
that may include tens or hundreds of
wells. SRM runs provide results, such as
wells’ pressure and production profiles
or pressure and saturation distribution
throughout the reservoir, in real time.
The SRM is developed using a unique
series of data-generation, manipulation,
compilation, and management
techniques. These techniques are
designed to take maximum advantage
of characteristics of artificial neural
networks complemented with fuzzy
set theory. Upon completion of the
modeling process and validation, an
SRM can accurately replicate the results
generated by highly sophisticated
reservoir-simulation models in response
to changes made to the model input,
in fractions of a second. The fact
that thousands of SRM runs can be
performed in seconds makes uncertainty
analysis a practical task. This allows
the uncertainty band associated with
any decisions to be identified quickly.
The SRM has been successfully field
tested. In a recent study performed on
a giant oil field in the Middle East, an
SRM was developed to replicate the
existing simulation model of the field
that was developed using a commercial
simulator. Consisting of approximately

of SRM runs (equivalent to tens of
millions of simulation runs) the 165
wells in the field were divided into
five clusters, on the basis of rising
water-cut risk. Recommendations for
rate relaxation were made for wells
in clusters 1 and 2. Furthermore, it
was predicted that these wells would
produce small amounts of water and
large amounts of incremental oil over the
next 25 years. On the other hand, more
than 100 wells in clusters 4 and 5 were
predicted to produce large amounts of
water, if rate restrictions were lifted.
With completion of the study, rate
restriction was lifted from 20 wells. These
wells were selected from among all
the clusters to provide a representative
spatial distribution of the reservoir
and examine the accuracy of the SRM
predictions. After more than 2½ years of
production, the results were analyzed.
As can be seen clearly from Fig. 2
(similar results observed from all other

a million grid blocks, the computing
time required for a single run of the
existing simulation model is 10 hours on
a cluster of 12 parallel central processing
units. Upon development, calibration,
and validation of the SRM that could
successfully and accurately replicate
the results of the simulation model, tens
of millions of SRM runs were performed
to comprehensively explore the
reservoir model’s solution space so that
a successful field-development strategy
could be established. The objective
was to increase oil production from the
field by relaxing the rate restriction
imposed on wells. The key was to identify
those wells that would not suffer from
high water cuts once a rate-relaxation
program was initiated. The SRM had
to take into account and quantify the
uncertainties associated with the
geological model, while accomplishing
the objectives of this project.
Upon completion of tens of millions
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F IG. 4 Autonomous cleansing and summarization of high-frequency data and
online, adaptive modeling of high-frequency data streams. Data is from an
oil-producing carbonate reservoir in the Middle East.
wells in the corresponding clusters are
summarized in Fig. 3), wells in clusters
1 and 2 produced large amounts of
incremental oil, while water production
declined. The opposite effect was
observed in wells that were classified
in clusters 4 and 5, as predicted by
the SRM. Fig. 3 shows the maximum
incremental water cut normalized for
all wells in each of the clusters. It is
clear from this figure that in accordance
with the SRM’s predictions, water cut
decreased in wells classified in clusters
1 and 2 while it increased significantly
in wells classified in clusters 4 and 5.
Results from this study, as well
as other similar studies, demonstrate
the robustness of SRM technology. An
SRM can be used to develop replicas
of sophisticated and large reservoirsimulation models that then can be used
to drive the main engine of RTRM.

INTEL L I G E N T R E A L - T I M E
DATA ANALY SIS
The high-frequency (real-time) data that
is collected from permanent downhole
gauges and transmitted to be stored in
data historians is usually unusable in its
raw form. It needs to be cleansed and
summarized and prepared (processed)
for use in reservoir-engineering
studies. The high-frequency data need
to be denoised, the outliers must be
identified and removed, existing trends
and patterns need to be identified,
and data need to be summarized so
that maximum useful information can
be preserved, while using the least
amount of data storage. Most important,
all these tasks need to be performed
reliably in real time (at the same speed,
or faster, than data are received)
automatically and autonomously, without
the supervision of an engineer.
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Furthermore, the intelligent real-time
data analyzer needs to be capable
of taking maximum advantage of the
information content of the high-frequency
data. AI&DM-based intelligent data
analysis of the high-frequency data
streams includes two main components:
high-frequency data management
(HFDM) and high-frequency data
analysis (HFDA). HFDM performs
(autonomously and in real time) data
preparations and preprocessing. This
process prepares the data for reservoirengineering analysis and includes data
denoising, Outlier removal, pattern
recognition and summarization, and,
finally, data preparation for SRM.
HFDA performs state-of-theart reservoir-engineering
analysis using the prepared and
preprocessed high-frequency data
streams. The analyses include
• Detection, isolation, and analysis
of pressure-transient data used
for continuous monitoring of
well and reservoir behavior
• E mpirical modeling using adaptive
technology that learns data behavior
and continuously modifies itself to
match and model the observed data,
to predict thier behavior and detect,

model, and verify hypotheses about
drive mechanisms by means of
continuously modeling volumetric
and material-balance estimates
• D iagnostic analysis to detect
interwell connectivity and
reservoir compartmentalization
that may be present
• C ommunication with the SRM (sending
feedback and receiving instructions)
Fig. 4 shows an example of realtime data preprocessing and
summarization (left) and real-time
adaptive modeling (right) applied
to a well in the Middle East.

C O NC LUD ING RE M ARKS
AI&DM contributes to all aspects of
the E&P industry to help increase
efficiency and productivity (Tapias et
al. 2001; Saputelli et al. 2002; Zangl and
Oberwinkler 2004; Finol and Buitrago
2002; deJonge and Stundner 2002).
AI&DM provides a key component of the
emerging smart field. At a June 2009 SPE
forum on this topic in Colorado Springs,
Colorado, AI&DM’s contributions
to drilling, production, reservoir
characterization, reservoir modeling,
reservoir management, and assetportfolio management were thoroughly
discussed by numerous industry leaders.
All agreed that the role of AI&DM in the
E&P industry can only increase as more
and more applications are implemented.
It is hard to imagine that smart fields
can be implemented without extensive
use of AI&DM as an integral part of
a complete system that also would
include many other components and
technologies. Therefore, including
the fundamentals and applications
of AI&DM in the training of our
workforce (either prehiring though
the universities or post-hiring through
short courses) can contribute to higher
efficiency and more productivity. TWA
References continued on page 19

Shahab D. Mohaghegh is professor of petroleum and natural
gas engineering at West Virginia University and founder and
president of Intelligent Solutions. A pioneer in the applications
of AI&DM in the E&P industry, he has 18 years of experience in
this area and has published more than 100 technical papers and
articles on the subject. Mohaghegh has been an SPE Distinguished
Speaker and Distinguished Author. He is an associate editor
of several peer-reviewed journals and has recently cochaired
SPE’s forum on artificial intelligence. Mohaghegh holds BS
and MS degrees in natural gas engineering from Texas A&I University and a PhD
in petroleum and natural gas engineering from Pennsylvania State University.

future will bring to us. However,
it seems that our industry, either
producing fuels, or covering the
needs of the petrochemical and so
many other industries, will be sound
and strong for many years to come.
What has been the highlight of your
career? If there is one thing you could
have done differently, what would it be?
During my career I have had the
opportunity to work as an instructor
at Petrobras Corporate University, to
be a professor in Canada, and to teach
courses, as a visiting professor, in
many other universities besides the
University of Alberta. Also, I taught
many short courses in conferences
and for various companies. I feel
that I gave a small contribution to
the development of hundreds of
YPs. If I am right, this is certainly the
highlight of my career. Regarding the
second part of the question, except
for sometimes working too much and
staying away from my family, there
is nothing I would do differently.
What issues do you care most about
in your work and your life? What
advice would you give young E&P
professionals?
This is my advice: be a truthful and

reliable professional. Be kind and treat
everybody with care and respect.
What I most care about in my career
are my colleagues, and what I most
care about in my life is my family.
Finally, if you had to give a brief
speech to young E&P professionals
about the attractions of the industry,
and specifically the industry’s
technical challenges, what would
you discuss?
I wrote a chapter for an upcoming SPE
book where I mentioned that: “…No matter
the nature of the business, it will, in some
way, depend on that energy (provided
by oil and gas). You may think about any
industrial enterprise, any large or small
commercial endeavor, the construction
industry, the entertainment or the tourism
industries, and even the processes
involved in producing other types of
energy. Regardless of the venture, this
extraordinary energy will always be
present, and almost every individual
living on Earth, even on the most remote
locations, will certainly need it. …”
I believe this is reason enough
to make our industry especially
attractive. But I prefer not to mention
any technical challenges. They are
too many, which is also another
attraction don’t you think?! TWA

QUICK TAKE
Describe SPE in a single phrase.
My technical society.
What technology has made
the most impact on your career?
The development of deepwater
drilling technologies.
Why work for an NOC?
IOCs, NOCs, service companies—they
are all part of the same industry and
offer wonderful opportunities for a YP.
Which is your favorite SPE paper?
I love all of Arthur Lubinski’s first
works on buckling. I invite readers
to visit OnePetro and download
paper 672-G from 1957. There is no
copyright on that. It is still very good.

Who is the technical person you
admire most in the E&P industry?
Luciane Bonet-Cunha. (Reservoir guys
might want to check her papers.)
What is your favorite gadget?
My blackberry.
What is a must-have for YPs
to succeed?
A strong will to learn.
What is your favorite oil city?
Calgary.
What is the game-changer
technology for the next 20 years?
No one really knows. It will
be interesting to see.
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