w0 20197200370 A 1 |0 000 00000 YOO 0

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

J

=

(19) World Intellectual Property
Organization
International Bureau

(43) International Publication Date

(10) International Publication Number

WO 2019/200370 A1

17 October 2019 (17.10.2019) WIPO | PCT

(51) International Patent Classification: (71) Applicant (for all designated States except CA, FR, US):
GO1V 1/48 (2006.01) GO6F 17/50 (2006.01) SCHLUMBERGER TECHNOLOGY B.V. [NL/NL];

GO1V 99/00 (2009.01) Parkstraat 83, 2514 JG The Hague (NL).
(21) International Application Number: (72) Inventor: RASHID, Kashif; 24 Langdon Road, Wayland,

PCT/US2019/027427 Massachusetts 01778 (US).
(22) International Filing Date: (74) Agent: LAFFEY, Bridget M.; Schlumberger, 10001 Rich-
15 April 2019 (15.04.2019) mond Avenue, Room 4720, Houston, Texas 77042 (US).

(25) Filing Language: English  (81) Designated States (unless otherwise indicated, for every
.. R . kind of national protection available). AE, AG, AL, AM,
(26) Publication Language: English AO. AT. AU, AZ, BA. BB, BG, BIL, BN, BR, BW. BY, BZ.
(30) Priority Data: CA, CH, CL, CN, CO, CR, CU, CZ,DE, DJ, DK, DM, DO,
62/657,091 13 April 2018 (13.04.2018) UsS DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT, HN,
HR,HU, ID, IL, IN, IR, I KE, KG, KH, KN, KP.
(71) Applicant (for US only): SCHLUMBERGER TECH- » HU, ID, IL, IN, IR, IS, JO, JP, KE, KG, KH, KN, KP,

(71)

(71)

NOLOGY CORPORATION [US/US], 300 Schlumberg-
er Drive, Sugar Land, Texas 77478 (US).

Applicant (for CA only): SCHLUMBERGER CANADA
LIMITED [CA/CA]; 125 -9 Avenue SE, Calgary, Alberta
T2G 0P6 (CA).

Applicant (for FR only): SERVICES PETROLIERS
SCHLUMBERGER [FR/FR]; 42 rue Saint Dominique,
75007 Paris (FR).

84

KR,KW,KZ, LA, LC,LK,LR, LS, LU, LY, MA, MD, ME,
MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ,
OM, PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA,
SC, SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN,
TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.

Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,
GM, KE, LR, LS, MW, MZ,NA, RW, SD, SL, ST, SZ, TZ,
UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,
TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,
EE, ES, FI, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU, LV,

(54) Title: A METHOD FOR RESERVOIR SIMULATION OPTIMIZATION UNDER GEOLOGICAL UNCERTAINTY

(57) Abstract: A method, computer program product, and computing system
are provided for receiving reservoir data associated with the reservoir. A simu-

200/

sclecting a plurality

simulate
208

m samplcs to

performing a first partial simulation on lhe
teservoir dala using the oplimized first sel of one
ot more conirol variables on Lhe selected first

performing the simulation on the reservoir data Lo
enerale the simulated reservoir dala

subsel of realizalions

| incrementing the number of realizations |
222
selocting a second subset of realizations from he

plurality of realizations based upon, at leastin
part, the one ot more statistical moments of the
simulated reservoir data and the incremented
nmber of tealizations

224

oplimizing he second set of one or more control
variables [or the simulation of he reservoir data.
using the selected second subset of realizations

tion on the

econd set of
he selected

ns

7ed second set of
nd the plurality of

FIG. 2

one or more control variabl
H realizations

Y2

lation may be performed on the reservoir data to generate simulated reservoir
data. A subset of realizations including a minimal number of realizations from
a plurality of realizations may be determined based upon, at least in patt, one or
more statistical moments of the simulated reservoir data. An optimized reser-
voir model associated with an objective may be generated based upon, at least
in part, the subset of realizations including the minimal number of realizations.

[Continued on next page]



WO 2019/200370 AT |00 00000 000 Y OO O

MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK, SM,
TR), OAPI (BF, BJ, CF, CG, CIL, CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

Published:

—  with international search report (Art. 21(3))

—  before the expiration of the time limit for amending the
claims and to be republished in the event of receipt of
amendments (Rule 48.2(h))



WO 2019/200370 PCT/US2019/027427

A METHOD FOR RESERVOIR SIMULATION OPTIMIZATION UNDER
GEOLOGICAL UNCERTAINTY

RELATED APPLICATION

[0001] This application claims the benefit of U.S. Provisional Application No. 62/657,091, filed

on April 13, 2018, the contents of which are incorporated herein by reference.

FIELD
[0002] This application relates to reservoir simulation and more particularly to optimizing

reservoir simulations under geological uncertainty.

BACKGROUND

[0003] Operations, such as surveying, drilling, wireline testing, completions, production, planning
and field analysis, are typically performed to locate and gather valuable downhole fluids such as
those associated with oil fields and reservoirs. Surveys are performed using acquisition
methodologies, such as seismic scanners or surveyors to obtain data about underground
formations. During drilling and production operations, data is typically collected for analysis
and/or monitoring of the operations. Such data may include, for instance, information regarding
subterranean formations, information detailing how the drilling and/or production equipment are
operating, information regarding the amount of fluid that is obtained or used, and/or other data.
Typically, simulators use the gathered data to model specific behavior of discrete portions of the

operations.

SUMMARY

[0004] In some embodiments, a method (e.g., a computer-implemented method) is executed on a
computing device and may include but is not limited to receiving reservoir data associated with
the reservoir. A simulation may be performed on the reservoir data to generate simulated reservoir
data. A subset of realizations including a minimal number of realizations from a plurality of
realizations may be determined based upon, at least in part, one or more statistical moments of the

simulated reservoir data. An optimized reservoir model associated with an objective may be
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generated based upon, at least in part, the subset of realizations including the minimal number of
realizations.

[0005] One or more of the following example features may be included. Determining the subset
of realizations including the minimal number of realizations from the plurality of subsets of
realizations may generally include: selecting a first subset of realizations from the plurality of
realizations based upon, at least in part, the one or more statistical moments of the simulated
reservoir data and a pre-defined number of realizations; optimizing a first set of one or more control
variables to achieve the objective using the selected first subset of realizations; performing a first
partial simulation on the reservoir data using the optimized first set of one or more control variables
on the generated first subset of realizations; and performing a first full simulation on the reservoir
data using the optimized first set of one or more control variables on the plurality of realizations;
determining whether a mismatch between simulation results associated with the first full
simulation and simulation results associated with the first partial simulation are within a predefined
threshold. When the mismatch is determined to be within the predefined threshold: the number of
realizations may be incremented; a second subset of realizations from the plurality of realizations
may be selected based upon, at least in part, the one or more statistical moments of the simulated
reservoir data and the incremented number of realizations; the second set of one or more control
variables for the simulation of the reservoir data may be optimized using the selected second subset
of realizations; a second partial simulation may be performed on the reservoir data using the
optimized second set of one or more control variables on the selected second subset of realizations;
a second full simulation may be performed on the reservoir data using the optimized second set of
one or more control variables and the plurality of realizations; and may be repeated until a
convergence condition is achieved. A plurality of random samples may be selected to simulate.
The simulation may be performed on the reservoir data to generate the simulated reservoir data
based upon, at least in part, the plurality of random samples. The one or more statistical moments
of the simulated reservoir data may be determined. The one or more control variables may
generally include one or more of a well liquid flow rate and an oil flow rate in the reservoir. The
optimized reservoir model may be used to alter one or more operations at the reservoir. The one
or more statistical moments of the simulated reservoir data may include one or more of a mean, a

variance, and a standard deviation.
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[0006] In another example implementation, a computing system may include one or more
processors and one or more memories, wherein the computing system is configured to perform
operations that may include but are not limited to receiving reservoir data associated with the
reservoir. A simulation may be performed on the reservoir data to generate simulated reservoir
data. A subset of realizations including a minimal number of realizations from a plurality of
realizations may be determined based upon, at least in part, one or more statistical moments of the
simulated reservoir data. An optimized reservoir model associated with an objective may be
generated based upon, at least in part, the subset of realizations including the minimal number of
realizations.

[0007] One or more of the following example features may be included. Determining the subset
of realizations including the minimal number of realizations from the plurality of subsets of
realizations may generally include: selecting a first subset of realizations from the plurality of
realizations based upon, at least in part, the one or more statistical moments of the simulated
reservoir data and a pre-defined number of realizations; optimizing a first set of one or more control
variables to achieve the objective using the selected first subset of realizations; performing a first
partial simulation on the reservoir data using the optimized first set of one or more control variables
on the generated first subset of realizations; and performing a first full simulation on the reservoir
data using the optimized first set of one or more control variables on the plurality of realizations;
determining whether a mismatch between simulation results associated with the first full
simulation and simulation results associated with the first partial simulation are within a predefined
threshold. When the mismatch is determined to be within the predefined threshold: the number of
realizations may be incremented; a second subset of realizations from the plurality of realizations
may be selected based upon, at least in part, the one or more statistical moments of the simulated
reservoir data and the incremented number of realizations; the second set of one or more control
variables for the simulation of the reservoir data may be optimized using the selected second subset
of realizations; a second partial simulation may be performed on the reservoir data using the
optimized second set of one or more control variables on the selected second subset of realizations;
a second full simulation may be performed on the reservoir data using the optimized second set of
one or more control variables and the plurality of realizations; and may be repeated until a
convergence condition is achieved. A plurality of random samples may be selected to simulate.

The simulation may be performed on the reservoir data to generate the simulated reservoir data
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based upon, at least in part, the plurality of random samples. The one or more statistical moments
of the simulated reservoir data may be determined. The one or more control variables may
generally include one or more of a well liquid flow rate and an oil flow rate in the reservoir. The
optimized reservoir model may be used to alter one or more operations at the reservoir. The one
or more statistical moments of the simulated reservoir data may include one or more of a mean, a
variance, and a standard deviation.

[0008] In yet another example implementation, a computer program product may include a non-
transitory computer readable storage medium having a plurality of instructions stored thereon,
which, when executed by a processor, cause the processor to perform operations including, but not
limited to, receiving reservoir data associated with the reservoir. A simulation may be performed
on the reservoir data to generate simulated reservoir data. A subset of realizations including a
minimal number of realizations from a plurality of realizations may be determined based upon, at
least in part, one or more statistical moments of the simulated reservoir data. An optimized
reservoir model associated with an objective may be generated based upon, at least in part, the
subset of realizations including the minimal number of realizations.

[0009] One or more of the following example features may be included. Determining the subset
of realizations including the minimal number of realizations from the plurality of subsets of
realizations may generally include: selecting a first subset of realizations from the plurality of
realizations based upon, at least in part, the one or more statistical moments of the simulated
reservoir data and a pre-defined number of realizations; optimizing a first set of one or more control
variables to achieve the objective using the selected first subset of realizations; performing a first
partial simulation on the reservoir data using the optimized first set of one or more control variables
on the generated first subset of realizations; and performing a first full simulation on the reservoir
data using the optimized first set of one or more control variables on the plurality of realizations.
A mismatch may be determined between simulation results associated with the first full simulation
and simulation results associated with the first partial simulation are within a predefined threshold.
When the mismatch is determined to be within the predefined threshold: the number of realizations
may be incremented; a second subset of realizations from the plurality of realizations may be
selected based upon, at least in part, the one or more statistical moments of the simulated reservoir
data and the incremented number of realizations; the second set of one or more control variables

for the simulation of the reservoir data may be optimized using the selected second subset of
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realizations; a second partial simulation may be performed on the reservoir data using the
optimized second set of one or more control variables on the selected second subset of realizations;
a second full simulation may be performed on the reservoir data using the optimized second set of
one or more control variables and the plurality of realizations; and may be repeated until a
convergence condition is achieved. A plurality of random samples may be selected to simulate.
The simulation may be performed on the reservoir data to generate the simulated reservoir data
based upon, at least in part, the plurality of random samples. The one or more statistical moments
of the simulated reservoir data may be determined. The one or more control variables may
generally include one or more of a well liquid flow rate and an oil flow rate in the reservoir. The
optimized reservoir model may be used to alter one or more operations at the reservoir. The one
or more statistical moments of the simulated reservoir data may include one or more of a mean, a
variance, and a standard deviation.

[0010] This summary is provided to introduce a selection of concepts that are further described
below in the detailed description. This summary is not intended to identify essential features of
the claimed subject matter, nor is it intended to be used as an aid in limiting the scope of the

claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

[0011] The present invention is illustrated by way of example, and not limitation, in the figures of
the accompanying drawings in which like references indicate similar elements and in which:
[0012] FIG. 1 illustrates a block diagram of an exemplary system for a simulation optimization
process in accordance with embodiments of the present disclosure;

[0013] FIG. 2 illustrates a flowchart showing operations consistent with embodiments of the
present disclosure;

[0014] FIG. 3 illustrates an example of mapping samples from an uncertain space to a search and
solution space consistent with embodiments of the present disclosure;

[0015] FIG. 4 illustrates an example confidence-based objective function consistent with
embodiments of the present disclosure;

[0016] FIG. 5 illustrates an example representation of an objective function as a product of
distributions associated with various samples consistent with embodiments of the present

disclosure;
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[0017] FIG. 6 illustrates an example representation of determining one or more statistical
characteristics consistent with embodiments of the present disclosure;

[0018] FIGS. 7-8 illustrate a flowchart showing operations consistent with embodiments of the
present disclosure;

[0019] FIGS. 9-16 illustrate an example of simulation optimization consistent with embodiments
of the present disclosure;

[0020] FIG. 17 illustrates an example of simulation values consistent with embodiments of the
present disclosure; and

[0021] FIGS. 18-23 illustrate various numbers of temporal partitions consistent with embodiments

of the present disclosure.

DETAILED DESCRIPTION

[0022] The discussion below is directed to certain implementations and/or embodiments. It is to
be understood that the discussion below may be used for the purpose of enabling a person with
ordinary skill in the art to make and use any subject matter defined now or later by the patent
“claims” found in any issued patent herein.

[0023] It is specifically intended that the claimed combinations of features not be limited to the
implementations and illustrations contained herein but include modified forms of those
implementations including portions of the implementations and combinations of elements of
different implementations as come within the scope of the following claims. It should be
appreciated that in the development of any such actual implementation, as in any engineering or
design project, numerous implementation-specific decisions may be made to achieve the
developers' specific goals, such as compliance with system-related and business-related
constraints, which may vary from one implementation to another. Moreover, it should be
appreciated that such a development effort might be complex and time consuming, but would
nevertheless be a routine undertaking of design, fabrication, and manufacture for those of ordinary
skill having the benefit of this disclosure. Nothing in this application is considered critical or
essential to the claimed invention unless explicitly indicated as being "critical" or "essential."
[0024] It will also be understood that, although the terms first, second, etc. may be used herein to
describe various elements, these elements should not be limited by these terms. These terms may

be used to distinguish one element from another. For example, a first object or step could be
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termed a second object or step, and, similarly, a second object or step could be termed a first object
or step, without departing from the scope of the disclosure. The first object or step, and the second
object or step, are both objects or steps, respectively, but they are not to be considered a same
object or step.

[0025] Referring to FIG. 1, there is shown a simulation optimization process 10 that may reside
on and may be executed by server computer 12, which may be connected to network 14 (e.g., the
Internet or a local area network). Examples of server computer 12 may include, but are not limited
to: a personal computer, a server computer, a series of server computers, a mini computer, and a
mainframe computer. Server computer 12 may be a web server (or a series of servers) running a
network operating system, examples of which may include but are not limited to: Microsoft®
Windows® Server; Novell® NetWare®; or Red Hat® Linux®, for example. (Microsoft and
Windows are registered trademarks of Microsoft Corporation in the United States, other countries
or both; Novell and NetWare are registered trademarks of Novell Corporation in the United States,
other countries or both; Red Hat is a registered trademark of Red Hat Corporation in the United
States, other countries or both; and Linux is a registered trademark of Linus Torvalds in the United
States, other countries or both.) Simulation optimization process 10 may reside on and be
executed, in whole or in part, by a client electronic device, such as a personal computer, notebook
computer, personal digital assistant, or the like.

[0026] The instruction sets and subroutines of simulation optimization process 10, which may
include one or more software modules, and which may be stored on storage device 16 coupled to
server computer 12, may be executed by one or more processors (not shown) and one or more
memory modules (not shown) incorporated into server computer 12. Storage device 16 may
include but is not limited to: a hard disk drive; a solid-state drive, a tape drive; an optical drive; a
RAID array; a random access memory (RAM); and a read-only memory (ROM). Storage device
16 may include various types of files and file types.

[0027] Server computer 12 may execute a web server application, examples of which may include
but are not limited to: Microsoft IIS, Novell WebserverTM, or Apache® Webserver, that allows
for HTTP (i.e,, HyperText Transfer Protocol) access to server computer 12 via network 14
(Webserver is a trademark of Novell Corporation in the United States, other countries, or both;
and Apache is a registered trademark of Apache Software Foundation in the United States, other

countries, or both). Network 14 may be connected to one or more secondary networks (e.g.,
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network 18), examples of which may include but are not limited to: a local area network; a wide
area network; or an intranet, for example.

[0028] Simulation optimization process 10 may be a stand-alone application or may be an applet
/ application / script that may interact with and/or be executed within application 20. In addition,
or as an alternative to being a server-side process, simulation optimization process 10 may be a
client-side process (not shown) that may reside on a client electronic device (described below) and
may interact with a client application (e.g., one or more of client applications 22, 24, 26, 28).
Further, simulation optimization process 10 may be a hybrid server-side / client-side process that
may interact with application 20 and a client application (e.g., one or more of client applications
22,24, 26, 28). As such, simulation optimization process 10 may reside, in whole, or in part, on
server computer 12 and/or one or more client electronic devices.

[0029] The instruction sets and subroutines of application 20, which may be stored on storage
device 16 coupled to server computer 12 may be executed by one or more processors (not shown)
and one or more memory modules (not shown) incorporated into server computer 12.

[0030] The instruction sets and subroutines of client applications 22, 24, 26, 28, which may be
stored on storage devices 30, 32, 34, 36 (respectively) coupled to client electronic devices 38, 40,
42, 44 (respectively), may be executed by one or more processors (not shown) and one or more
memory modules (not shown) incorporated into client electronic devices 38, 40, 42, 44
(respectively). Storage devices 30, 32, 34, 36 may include but are not limited to: hard disk drives;
solid state drives, tape drives; optical drives; RAID arrays; random access memories (RAM); read-
only memories (ROM), compact flash (CF) storage devices, secure digital (SD) storage devices,
and a memory stick storage device. Examples of client electronic devices 38, 40, 42, 44 may
include, but are not limited to, personal computer 38, laptop computer 40, mobile computing
device 42 (such as a smart phone, netbook, or the like), notebook computer 44, for example. Using
client applications 22, 24, 26, 28, users 46, 48, 50, 52 may access simulation optimization process
10.

[0031] Users 46, 48, 50, 52 may access simulation optimization process 10 and/or other
applications associated with server computer 12 directly through the device on which the client
application (e.g., client applications 22, 24, 26, 28) is executed, namely client electronic devices
38, 40, 42, 44, for example. Users 46, 48, 50, 52 may access process 10 and/or other applications

directly through network 14 or through secondary network 18. Further, server computer 12 (i.e,,
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the computer that executes these applications) may be connected to network 14 through secondary
network 18, as illustrated with phantom link line 54.

[0032] The various client electronic devices may be directly or indirectly coupled to network 14
(or network 18). For example, personal computer 38 is shown directly coupled to network 14 via
a hardwired network connection. Further, notebook computer 44 is shown directly coupled to
network 18 via a hardwired network connection. Laptop computer 40 is shown wirelessly coupled
to network 14 via wireless communication channel 66 established between laptop computer 40
and wireless access point (i.e., WAP) 68, which is shown directly coupled to network 14. WAP
68 may be, for example, an IEEE 802.11a, 802.11b, 802.11g, Wi-Fi, and/or Bluetooth device that
can establish wireless communication channel 66 between laptop computer 40 and WAP 68.
Mobile computing device 42 is shown wirelessly coupled to network 14 via wireless
communication channel 70 established between mobile computing device 42 and cellular network
/ bridge 72, which is shown directly coupled to network 14.

[0033] As is known in the art, all of the IEEE 802.11x specifications may use Ethernet protocol
and carrier sense multiple access with collision avoidance (i.e., CSMA/CA) for path sharing. The
various 802.11x specifications may use phase-shift keying (i.e., PSK) modulation or
complementary code keying (i.e., CCK) modulation, for example. As is known in the art,
Bluetooth is a telecommunications industry specification that allows e.g., mobile phones,
computers, and personal digital assistants to be interconnected using a short-range wireless
connection.

[0034] Client electronic devices 38, 40, 42, 44 may each execute an operating system, examples
of which may include but are not limited to Microsoft Windows, Microsoft Windows CE®, Red
Hat Linux, or another suitable operating system. (Windows CE is a registered trademark of
Microsoft Corporation in the United States, other countries, or both.).

[0035] In some embodiments, simulation optimization process 10 may generate an output that may
be delivered to one or more onsite tools such as reservoir tool 74. Reservoir tool 74 may include,
but is not limited to, those available from the Assignee of the present disclosure. In some
embodiments, reservoir tool 74 may include one or more processors configured to receive an
output from simulation optimization process 10 and alter the operations of reservoir tool 74.
[0036] Embodiments included herein are directed towards a method designed to manage

geological reservoir uncertainty during expensive simulation optimization. For example, the
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uncertainty associated with geological reservoir may be represented in the form of geological
realizations that may or may not be equi-probable. As will be discussed in greater detail below, an
optimization process is developed in which, for a given amount of data from a full system including
a plurality of realizations, the least number of realizations that are representative of some statistical
measure are identified. That is, a subset of realizations may be defined that capture one or more
moments of an underlying distribution represented by the set of all possible realizations.

[0037] Referring to the examples of FIGS. 1-23, embodiments of the present disclosure may help
to address the computational expense in time associated with modeling reservoirs to achieve a
particular objective. For example, consider the operations of an existing reservoir with a number
of producers and injectors. In the context of reservoirs, a producer may generally refer to a “sink”
of fluid in a reservoir and an injector may generally refer to a “source” of fluid in a reservoir. In
some embodiments, various control or operating parameters associated with producers and
injectors may be adjusted which may impact the operation of the reservoir. In some embodiments,
petrochemical engineers may desire to know how to achieve a particular objective associated with
the reservoir. For example, an objective may relate to maximizing the net present value (NPV) of
a reservoir.

[0038] To accomplish this objective, various operations may be adjusted including, for example
purposes only, the well liquid flow rate, the oil flow rate, etc. Unfortunately, the ability to
accurately predict or simulate a reservoir may be dependent upon a number of geological
realizations associated with the reservoir. A geological realization may generally include a model
generated using geological and petrophysical properties to capture the range of possible geologic
variability presented in the reservoir. As will be discussed in greater detail below, reservoir
dynamic modeling or reservoir simulation may be conducted to identify the range of uncertainties
in the geological realizations through fluid rates, volumes, and recovery factors. As such, the more
realizations available when simulating a reservoir and/or attempting to achieve a particular
objective using a reservoir model, the more accurate the results may be. In this example, the results
of simulating the reservoir using a plurality of realizations may determine which operations or
controls to adjust to achieve the objective. In the example of maximizing NPV, the well liquid
and/or oil flow rates may be determined from the reservoir model to achieve the maximum NPV.
However, modeling a plurality of realizations may be prohibitively expensive in terms of the

amount of computing resources and/or time required. For example, a single simulation involving

10
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a single realization (e.g., an evaluation) may take approximately seven minutes. With a group of
e.g., 50 realizations, modeling a single objective over the e.g., 50 realizations may take e.g,,
approximately six hours. As will be discussed in greater detail below, embodiments of the present
disclosure may allow a computer to more efficiently model a reservoir for a particular objective
using a subset of realizations with a minimal number of realizations without sacrificing accuracy.
In this manner, the operations of a computer while modeling or simulating a reservoir may be
improved by the present disclosure. Furthermore, the operations of a reservoir may be adjusted
more quickly than possible with full system modeling using all realizations. As such, the
operations and efficiency of a reservoir may be improved by embodiments of the present
disclosure.

[0039] In some embodiments, and referring also to FIG. 2, simulation optimization process 10
may generally include receiving reservoir data 200 associated with the reservoir. A simulation
may be performed 202 on the reservoir data to generate simulated reservoir data. A subset of
realizations including a minimal number of realizations from a plurality of realizations may be
determined 204 based upon, at least in part, one or more statistical moments of the simulated
reservoir data. An optimized reservoir model associated with an objective may be generated 206
based upon, at least in part, the subset of realizations including the minimal number of realizations.
[0040] In some embodiments, reservoir data associated with a reservoir may be received 200. In
some embodiments, a plurality of realizations may be received 200. In some embodiments,
realizations may generally include plausible scenarios of a sub-surface that are generated under
different constraints or parameters. For example, stochastic-modeling methods may provide many
plausible images of the reservoir (e.g., realizations). Realizations may be generated as the result of
sampling the uncertainty by changing only certain parameters from simulation to simulation. In
some embodiments, individual simulation scenarios can have multiple realizations with the
possibility of generating hundreds of models that honor the available data of a reservoir. In some
embodiments, pre-existing or previously defined realizations representative of the reservoir may
be received 200. For example, a plurality of realizations may be provided by geoscientists. As
discussed above and in some embodiments, the reservoir may include one or more producers and
one or more injectors. As known in the art, producers and injectors may provide variable flow
rates of liquid and/or oil during the operation of the reservoir. In some embodiments, reservoir

data may include data associated with the one or more producers and the one or more injectors. In
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this manner, the geological uncertainty associated with a reservoir may be represented by a
plurality of realizations and a reservoir simulation model. As will be discussed in greater detail
below, the reservoir simulation model may include all data necessary to describe the reservoir
(e.g., petrophysical properties extracted from cores, log data, measurements, etc.). Accordingly,
simulation optimization process 10 may address the computational aspect of simulating and
optimizing a reservoir model under geological uncertainty.

[0041] In some embodiments, a simulation may be performed 202 on the reservoir data to generate
simulated reservoir data. In some embodiments, reservoir dynamic modeling or reservoir
simulation may be run or performed 202 to identify a range of uncertainties in the geological
realizations through fluid rates, volumes, and/or recovery factors. For example, a number of initial
samples, S, may be established. The number of initial samples may be user-defined and/or a pre-
defined value. In some embodiments, a plurality of random samples (e.g., S random samples) may
be selected 208 over a search space. For example, and referring also to the example of FIG. 3,
random samples from an uncertainty space (e.g., uncertainty space 302) may be mapped to a search
space (e.g., search space 304). For example, uncertainty space 302 may define a space for M
uncertain parameters (e.g., RM) in a problem and search space 304 may include an N-
dimensionality (e.g., RY). As shown in FIG. 3, a two-dimensional uncertainty space (e.g.,
uncertainty space 302) may be mapped to a two-dimensional search space (e.g., search space 304)
with functional values yielding a distribution. In this example, the plurality of samples may be
selected 208 from search space 304. In some embodiments, the uncertainty of reservoir may be
discrete so any samples in the uncertainty space (e.g., uncertainty space 302) may already be
known in the form of realizations. However, it will be appreciated that continuous uncertain
parameters may be included within the scope of the present disclosure.

[0042] In some embodiments, an objective function evaluation may be defined as shown in

Equation 1:
(D F,(XIp, 4)
where: XeRV,pe RM,1 € R

[0043] Referring also to FIG. 4 and in some embodiments, a confidence-based objective function
is shown as a function of one or more statistical moments of the simulated reservoir data. A

statistical moment may generally include characteristics of data that may be used to classify the
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data in its entirety. For example, a mean and a standard deviation may be statistical moments that
may classify a domain of distributions. As shown in FIG. 4, the objective function of Equation 1
may be defined or classified based upon one or more statistical moments (e.g., the mean and

standard deviation) as shown in Equation 2:

2) F(Xlp,2) = p(X|p) — Aa(X|p)

where: u(X|p) is the mean;
o(X|p) is the standard deviation; and
A is the confidence factor.
[0044] The mean may be defined as shown in Equation 3 below and the standard deviation may

be defined as shown in Equation 4 below:

1

3) uXlp) = 138, f,

1

@ olp) = [R5L4(fi— wy
[0045] The mean of Equation 3 may be a function of a realization value as shown in Equation 5
below:

() fi =FXl|py)

where: p; 1s an uncertainty realization.

[0046] As can be seen from Equations 3-5, a sufficient number of samples, S, may be desired to
provide an accurate estimation of the mean and variance, as each of the mean and variance are
dependent upon the number of samples.

[0047] In some embodiments, performing 202 the simulation on the reservoir data to generate the
simulated reservoir data may be based upon, at least in part, the plurality of random samples. For
example, simulation optimization process 10 may establish an actual simulation response as shown

below in Equation 6:

(6) Ry; = F(Xlp)
where: k €[15];

J €[1m];

X € R*;
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p € R™,

n = (1, +n)ny;

n, €[17T/q];and

xF<x; <xf,i €[1n]
[0048] In some embodiments, F, may be a functional simulation evaluation (e.g., the objective),
X may be a set of control variables from [1 n] (e.g., well liquid flow rate and/or oil flow rate), p
may be a set of realizations [1 m], n may indicate the problem dimensionality (e.g., the number
of control variables), m may be a total number of realizations of a plurality of realizations, § may
be a number of samples, n, may be a number of producers, n; may be a number of injectors, n,,
may be a number of temporal partitions, T may be a time period of interest (years), ¢ may be a
minimum time interval (years), and x; may be the i-th variable with bounds [xF x/].
[0049] In some embodiments, performing 202 the simulation on the reservoir data to generate
simulated reservoir data may generate a simulation response for a set of control variables X for the
S randomly selected samples. For example, and referring also to the example of FIG. 5, each of
design configurations X;, X5, X3, and X, may furnish a distribution. In some embodiments, the
domain F; (X|p, A) may be classified in general with the S randomly selected design configurations
samples (e.g., the samples taken in the search space; X;, X5, X3, and X,). As discussed above, the
number of samples may be determined to provide an accurate estimation of the mean and variance,
as each of the mean and variance are based upon, at least in part, the number of samples. In some
embodiments and as shown in Equation 6, the set of control variables X for the § randomly selected
samples in the search space may be simulated across the plurality of realizations to generate Ry;.
[0050] In some embodiments, DD may represent the § known data points in tabular form as shown
below in Equation 7:

(7 D = [X R]s
where: D € RSx(n+m)
[0051] In some embodiments, one or more statistical moments of the simulated reservoir data may

be determined 212. For example, the mean of the set of m realizations may be determined 212 as

shown in Equation 8 below:
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(8) ue(Ri) = — 3, Ry

[0052] In some embodiments, the standard deviation of the set of m realizations may be

determined 212 as shown in Equation 9 below:

©) R = [EET b = R’

[0053] In some embodiments, the utility-based objective may be determined as shown in Equation
10 below:
(10) fx = b — oy = F(Xi|p)

[0054] In some embodiments, a subset of realizations including a minimal number of realizations
from a plurality of realizations may be determined 204 based upon, at least in part, one or more
statistical moments of the simulated reservoir data. As discussed above, conventional simulation
approaches generally include optimizing the set of control variables X for each sample across each
realization of the plurality of realizations. In an example where the number of samples Sis e.g.,
12 and the plurality of realizations, p, is e.g., 50, the simulation time may be approximately e.g.,
six hours for each objective. In some embodiments of the present disclosure, the objective or

problem may be compactly defined for any subset of realizations as shown below in Equation 11:

(11) M(X|U,p) = M(X|B) = M(X|p)

where: X € R

n, €[1T/q];

=Xt Uy
B; = Ujpj;

U; ={0,1}; and
j €E[1m].
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[0055] In some embodiments, g may be a set of realizations [1 m], M may be a total number of
realizations of a plurality of realizations, U may be a set of selected realizations [1 m], and ; may
define an active realization with U; = {0,1} and j € [1m].

[0056] In this manner, the realization selection problem may be posed as a nonlinear binary
optimization problem and, as will be discussed in greater detail below, the solution of which may
be used to set the reduced order model comprising the least number (i.e., a minimal number) of
realizations. In some embodiments, simulation optimization process 10 may determine one or

more statistical moments 210 as show below in Equations 12-20:

(12) EUID) = g, + &

(13) &, = lILR) AR, V)]

(14) &5 = lo(R) G(R, V)|

(15) ulR,U) = [A5hs (i — 0)?
(16) ue(Ri) = — 3, Ry;

(17) T (R, U) = =3, UiRy;

(18) eo(RU) = (155 w0 — 32
(19) R = [EET e = RiY’
(20) GRU) = |2 G — UiR)?
where: wy € [0 1] is a weight factor

[0057] Referring also to FIG. 6 and in some embodiments, simulation optimization process 10
may determine 210 one or more statistical moments (e.g., iy, 01, ¥1, T1 for Xq; Uz, 03,¥2, T2 for X5;
Uz, 03,3, T3 for X3; and py, a4, ¥4, T4 for X4). In some embodiments, ¥ may generally represent
skewness (i.e., measure of asymmetry) and T may generally represent kurtosis (i.e., measure of

bulginess). As shown in FIG. 6, simulation optimization process 10 may select 204 a subset of
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realizations, U, and may determine 210 one or more statistical moments associated with the
selected subset of realization as described in Equations 17 and 20.

[0058] In some embodiments, determining 204 the subset of realizations including the minimal
number of realizations from the plurality of subsets of realizations may generally include selecting
214 a first subset of realizations from the plurality of realizations based upon, at least in part, the
one or more statistical moments of the simulated reservoir data and a pre-defined number of
realizations. For example, with the one or more statistical moments, simulation optimization
process 10 may solve Equation 12 to select 212 a first subset of realizations from the plurality of
realizations. In some embodiments, €, and €; may employ an RMSE measure. However, any
suitable measure may be used for selected moments (e.g., Mean error, Max error, SSE, and/or
MSE). Accordingly, simulation optimization process 10 may solve Equations 21-24 so as to

identify U, a first subset of realizations from the plurality of subsets of realizations.

(21) argmin E(U|D)
U

(22) Y U= mt

(23) Y U= mY

(24) j=Uj=m

where: U eB™

U; € {0,1}; and

j €[1m].

[0059] In some embodiments, the constraint of Equation 24 may supersede Equations 22 and 23,
if Equations 22 and 23 are defined. In some embodiments and as will be discussed in greater detail
below, a sequence of problems may be solved with increasing m. In this manner, the solution
procedure may be adapted based on need given the size of the set of realizations, m. For example,
a larger set of realizations, m, may increase the complexity when solving the binary nonlinear
problem (e.g., shown below in Equation 25). In some embodiments, upon selecting 212 first subset
of realizations from the plurality of subsets of realizations, simulation optimization process 10 may
optimize 214 a first set of one or more control variables to achieve the objective using the selected

first subset of realizations. For example, using the first subset of realizations selected from the

17



WO 2019/200370 PCT/US2019/027427

plurality of subsets of realizations, simulation optimization process may solve a reduced problem
(e.g., a binary nonlinear problem) as shown in Equation 25 below:

(25) argmax M(X|0,p) = M(X|p)
X

[0060] From Equation 25, simulation optimization process 10 may optimize 214 a first set of one
or more control variables to achieve the objective using the selected first subset of realizations. In
some embodiments, the one or more control variables may include one or more of a well liquid
flow rate and an oil flow rate in the reservoir. For example, for a given objective, simulation
optimization process 10 may optimize 214 one or more control variables, X, (e.g., well liquid flow
rate, oil flow rate, and/or any control variable that can be tuned) to achieve the objective (e.g.,
NPV) using the selected first subset of realizations.

[0061] In some embodiments, a first partial simulation may be performed 216 on the reservoir
data using the optimized first set of one or more control variables on the selected first subset of
realizations. Partial may refer to the simulation performed using the optimized one or more control
variables with the selected first subset of realizations. In this manner, when the “partial”
simulation is run, it runs for the entire simulation period, for each and every realization evaluated
(i.e., the selected first subset of realization). Accordingly, simulation optimization process 10 may
perform a simulation for the entire simulation period with fewer evaluations (i.e., simulations of
individual realizations). For example, an optimal solution may be defined as a partial simulation
performed on the reservoir data using the first set of one or more control variables (e.g., first set
of one or more optimal control variables X) on the selected first subset of realizations given as

shown in Equation 26:

(26) fu(X|0,p) = M(X|U,p)

[0062] In some embodiments, a first full simulation may be performed 218 on the reservoir data
using the optimized first set of one or more control variables on the plurality of realizations. For
example, simulation optimization process 10 may establish an actual simulation using the full set
of realizations. In this manner, the solution from the first partial simulation (e.g., first set of one
or more control variables X) may be evaluated by the full system (e.g., simulation with all

realizations) as shown below in Equation 27:
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(27) F(Xlp)
[0063] In some embodiments, it may be determined 220 whether a mismatch between simulation
results associated with the first full simulation and simulation results associated with the first
partial simulation are within a predefined threshold. In some embodiments, the predefined
threshold may be user-defined. The predefined threshold may be a model error defined according
to Equation 28:

(28) em = |fu—F|=|MF|
[0064] In some embodiments, when the mismatch is determined 220 to be within the predefined
threshold, the number of realizations may be incremented. For example, when the model error
falls below a given threshold (e.g., is within a predefined threshold), the predefined number of
retained realizations may be incremented 222 and simulation optimization process 10 may repeat
as described above. In some embodiments, a solution error may be determined as shown below in
Equation 29.

(29) €s = [IF Fpestll
[0065] Referring also to FIG. 7, an embodiment depicting an example flowchart for managing
uncertainty in reservoir simulation optimization is provided. In some embodiments, simulation
optimization process 10 may receive 208 a selection (e.g., from a user or a predefined setting) for
a number of temporal partitions, n,,, and a number of samples, §. The selection of the number of
temporal partitions, n,,, will be discussed in greater detail below. Simulation optimization process
10 may perform 202 the simulation on the reservoir data to generate simulated reservoir data. In
some embodiments and as discussed above, performing 202 the simulation may generate a
simulation response for a set of control variables X for the S randomly selected samples in the
search space. In this manner, the full system (e.g., simulation of each sample with each realization
of a plurality of realizations) may be evaluated over a given number of samples, .S, and the data
may be stored in a repository such as those shown in FIG. 1. In some embodiments, simulation
optimization process 10 may determine 204 a subset of realizations including a minimal number
of realizations from the plurality of subsets of realizations. For example, simulation optimization
process 10 may select 212 a first subset of realizations from the plurality of realizations based
upon, at least in part, the one or more statistical moments of the simulated reservoir data and a pre-
defined number of realizations, M. In other words, a nonlinear binary optimization sub-problem

(e.g., as shown in Equation 21) may be defined and solved to identify the minimal number of
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realizations necessary to quantify the underlying distribution given by the statistical moments of
the known data-set. In some embodiments, simulation optimization process 10 may select 212
first subset of realizations, U, from a plurality of realizations, p. It should be noted that this
measure is not based on one configuration but a representative collection of samples over the
search space (as given by the S samples)

[0066] Continuing with the example of FIG. 7, simulation optimization process 10 may optimize
214 a first set of one or more control variables (e.g., first set of one or more control variables X)
to achieve the objective using the selected first subset of realizations as shown in Equation 25. A
first partial simulation may be performed 216 on the reservoir data using the optimized first set of
one or more control variables on the selected first subset of realizations as shown in Equation 26.
In some embodiments, a first full simulation may be performed 218 on the reservoir data using the
optimized first set of one or more control variables on the plurality of realizations as shown in
Equation 27. In this manner, the reduced problem may be solved first, and then evaluated by the
full model comprising all realizations.

[0067] In some embodiments, it may be determined 220 whether a mismatch between simulation
results associated with the first full simulation and simulation results associated with the first
partial simulation are within a predefined threshold as shown in Equation 28. For example, if the
model mismatch is not within the given threshold, the desired number of samples in the binary
selected problem may be incremented and the process may be repeated. In some embodiments,
the above described simulation optimization process 10 may be applied over several iterations and
may halt when convergence conditions (e.g., convergence conditions 702) on the known data are
met. For example, the accuracy of the first subset of realizations may be determined based upon,
at least in part, a convergence on model error as shown in Equation 30 and/or a convergence on
convergence error as shown in Equation 31 below:

(30) €Em > €F

€2)) Em > €5,

[0068] Collectively, embodiments of simulation optimization process 10 may be mathematically
consistent and expected to return the anticipated solution from the full problem in the long run
(assuming optimality of sub-problems — however, in reality, this cannot be guaranteed).

[0069] As discussed above, simulation optimization process 10 may be iterative based upon, at

least in part, a model error as shown in Equation 28 and/or convergence conditions as shown in
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Equations 30-31. For example, and referring also to FIGS. 9-16, an example of simulation
optimization process 10 is provided with an objective to maximize NPV in a reservoir with the

following parameters:

m =50
n, =11
n; =7

T = 20 years

q = 0.25 years
n,=5
S=12
m=4

[0070] As discussed above and as shown in the example of FIG. 9, a subset of realizations
including a minimal number of realizations, U, may be determined 212 from a plurality of
realizations based upon, at least in part, one or more statistical moments of the simulated reservoir
data. In the example of FIG. 9, the first subset of realizations, U, may be determined to be:
U =[1112 40 47]
[0071] As discussed above and in the example of FIG. 9, simulation optimization process 10 may
optimize 214 a first set of one or more control variables (e.g., first set of one or more control
variables X) to achieve the objective using the selected first subset of realizations as shown in
Equation 25. A first partial simulation may be performed 216 on the reservoir data using the
optimized first set of one or more control variables on the selected first subset of realizations as
shown in Equation 26. In the example of FIG. 9, simulation optimization process 10 may
determine an NPV from the partial simulation of:
M(X|0,p) » X, M = 15.1183

[0072] In some embodiments, a first full simulation may be performed 218 on the reservoir data
using the optimized first set of one or more control variables on the plurality of realizations as
shown in Equation 27. In the example of FIG. 9, simulation optimization process 10 may
determine an NPV from the partial simulation of:

F(X|p) - R, F = 14.7967
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[0073] As discussed above, “partial” simulation refers to the simulation of the reservoir data over
the entire simulation period using the optimized first set of one or more control variables to produce
evaluations of the first subset of realizations (e.g., as opposed to producing evaluations for every
realization). In some embodiments, it may be determined 220 whether a mismatch between
simulation results associated with the first full simulation and simulation results associated with
the first partial simulation are within a predefined threshold as shown in Equation 28.
Additionally, a solution error may be determined as shown in Equation 29. In the example of FIG.
9, simulation optimization process 10 may determine a model error and a solution error of:
em = |fu —F| = ||MF|| = 2.13%
€s = |IF Fpestll = 9.01%
[0074] In some embodiments, simulation optimization process 10 may update data of a repository
with the optimized one or more control variables and the results of each simulation. In this
example, simulation optimization process 10 may determine that the mismatch between the
simulation results associated with the first full simulation and simulation results associated with
the first partial simulation are within a predefined threshold. In some embodiments, simulation
optimization process 10 may test convergence on model error as shown in Equation 30. In this
example, because the model error is greater than the threshold eF,, simulation optimization process
10 may determine a second subset of realizations (e.g., a different subset of realizations) with the
same number of realizations retained (e.g., m = 4).
[0075] Referring also to the example of FIG. 10 and in some embodiments, a second subset of
realizations from the plurality of realizations may be selected 224 based upon, at least in part, the
one or more statistical moments of the simulated reservoir data and the incremented number of
realizations. In the example of FIG. 10, the second subset of realizations, U, may be determined to
be:
U =[14324250]
[0076] As discussed above and in the example of FIG. 10, simulation optimization process 10 may
optimize 226 a second set of one or more control variables (e.g., second set of one or more control
variables X) to achieve the objective using the selected second subset of realizations as shown in
Equation 25. A second partial simulation may be performed 228 on the reservoir data using the

optimized second set of one or more control variables on the selected second subset of realizations
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as shown in Equation 26. In the example of FIG. 10, simulation optimization process 10 may
determine an NPV from the partial simulation of:
M(X|0,p) » X, M = 15.3035
[0077] In some embodiments, a second full simulation may be performed 230 on the reservoir
data using the optimized second set of one or more control variables on the plurality of realizations
as shown in Equation 27. In the example of FIG. 10, simulation optimization process 10 may
determine an NPV from the partial simulation of:
F(X|p) -» R, F = 15.1807
[0078] In some embodiments, it may be determined whether a mismatch between simulation
results associated with the second full simulation and simulation results associated with the second
partial simulation are within a predefined threshold as shown in Equation 28. Additionally, a
solution error may be determined as shown in Equation 29. In the example of FIG. 10, simulation
optimization process 10 may determine a model error and a solution error of:
ém = |fu —F| = ||MF|| = 0.80%
€s = |[F Fyesell = 2.60%
[0079] In some embodiments, simulation optimization process 10 may update data of a repository
with the optimized one or more control variables and the results of each simulation. In this
example, simulation optimization process 10 may determine that the mismatch between the
simulation results associated with the first full simulation and simulation results associated with
the first partial simulation are within a predefined threshold. In some embodiments, simulation
optimization process 10 may test convergence on model error as shown in Equation 30. In this
example, because the model error is less than the threshold €f,, simulation optimization process
10 may determine a third subset of realizations (e.g., a different subset of realizations) with an
incremented number of realizations retained in the subset of realizations. Accordingly, simulation
optimization process 10 may increment m = 5 and may determine a third subset of realizations
with a minimal number of realizations.
[0080] This process may be repeated as shown in the examples of FIGS. 11-13 until a convergence
condition is achieved. Referring also to the example of FIG. 13, subset of realizations, U, may be
determined to be:

U =[3137 4142 49 50]
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[0081] As discussed above and in the example of FIG. 13, simulation optimization process 10 may
optimize the set of one or more control variables (e.g., set of one or more control variables X) to
achieve the objective using the selected second subset of realizations as shown in Equation 25. A
partial simulation may be performed on the reservoir data using the optimized second set of one
or more control variables on the selected subset of realizations as shown in Equation 26. In the
example of FIG. 13, simulation optimization process 10 may determine an NPV from the partial
simulation of’
M(X|0,p) » X, M = 14.8821
[0082] In some embodiments, a full simulation may be performed on the reservoir data using the
optimized set of one or more control variables on the plurality of realizations as shown in Equation
27. In the example of FIG. 13, simulation optimization process 10 may determine an NPV from
the partial simulation of:
F(X|p) - R, F = 14.8800
[0083] In some embodiments, it may be determined whether a mismatch between simulation
results associated with the full simulation and simulation results associated with the partial
simulation are within a predefined threshold as shown in Equation 28. Additionally, a solution
error may be determined as shown in Equation 29. In the example of FIG. 13, simulation
optimization process 10 may determine a model error and a solution error of:
ém= |fu—F|l=||MF| =0.01%
€s = ||IF Fpesell = 1.98%
[0084] Accordingly, an optimized reservoir model associated with an objective may be generated
206 based upon, at least in part, the subset of realizations including the minimal number of
realizations. In the example of FIGS. 9-13, the optimized one or more control variables, the results
of the partial simulation, and the results of the full simulation may be returned as an optimized
reservoir model associated with the objective of e.g., maximizing NPV in a reservoir. In the
example of FIG. 13, these may be represented by Xpese, Rpest, Fpest. These results are summarized
in FIGS. 14-16.
[0085] Referring also to the example of FIG. 16, with just five iterations requiring only 7,066
evaluations for a computing device, an optimized reservoir model associated with an objective
(e.g., maximizing NPV for the example of FIG. 16) may be generated 206. By contrast, the

conventional simulation approach as discussed above would require 17,500 evaluations. With a
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59.6% increase in efficiency, it will be appreciated that embodiments of the present disclosure may
provide a more efficient process for generating optimized reservoir models on a computing device.
While the example of FIG. 16 includes generating 206 the optimized reservoir model associated
with an objective using a single computing device configured to perform each evaluation
sequentially, it will be appreciated that simulation optimization process 10 may generate 206 the
optimized reservoir model using multiple computing devices and/or processors. For example, and
in some embodiments, simulation optimization process 10 may perform via parallel computing to
reduce the amount of time required to compute the number of evaluations (e.g., 7,066 evaluations
from the example of FIG. 16).

[0086] In some embodiments, the optimized reservoir model may be used 232 to alter one or more
operations at the reservoir. As discussed above, the optimized reservoir model generated by
embodiments of the present disclosure may optimize one or more control variables associated with
the operation of a reservoir. For example, the optimized one or more control variables may relate
to well liquid rate flow and/or oil rate flow. Accordingly, the optimized reservoir model may be
used 232 to alter one or more operations at the reservoir to achieve the objective of the simulations.
As discussed above and in the example of FIGS. 9-16, the optimized one or more control variables
may be determined more efficiently than with conventional approaches. As such, the efficiency
of the reservoir may be enhanced to achieve a particular objective.

[0087] In summary, embodiments included herein may provide a computationally efficient means
to optimize an expensive reservoir simulation model under geological uncertainty. Note that the
method described is embodied in the form of a simulation-optimization prototype and can assist
in significantly reducing the cost associated in obtaining a solution. The scheme, as per the original
problem, may also benefit from the use of parallel evaluations (where possible) using for example
multi-core high-performance computing facilities, as available, to make all independent
evaluations in a given step of the procedure in parallel as required.

[0088] Referring also to FIGS. 17-23 and in some embodiments, simulations may be performed
with a number of time periods or temporal partitions, n,, set or determined by simulation
optimization process 10. In some embodiments, the number of temporal partitions may be set to
five. In this example, this number of temporal partitions may relate to partitions covering four-
year segments. However, it will be appreciated that other numbers of temporal partitions are

possible within the scope of the present disclosure. As shown in FIG. 17, numerous variables may
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be included during simulation of a reservoir and as shown in FIGS. 18-23, the selection of the
temporal partitions may impact the number of variables in the simulation. For example, and in
some embodiments, the greater the number of partitions, the greater the model refinement and
control. Moreover, the greater the number of partitions, the greater the number of variables in the
optimization problem. In some cases, the optimization problem may be too unwieldy with fine
granularity (too many variables). In this way, increasing partitions will improve optimization
performance. Some embodiments may require the least number of partitions with the best
compromise between computational effort and the anticipated result.

[0089] Embodiments of simulation optimization process 10 may present a means to optimize an
expensive reservoir simulation model under geological uncertainty efficiently. Embodiments may
allow for removal of redundant or less impactful realizations and may mitigate computational
effort for each objective realization. The process may provide a significant reduction in total
simulation evaluation cost and allow a good solution to be obtained in a computationally efficient
manner. The results of the optimized reservoir simulation model may be used to alter and change
actual in-field operations. Ultimately, the solution established (the best-known record in the
repository) may not change appreciably and the convergence test may halt the entire procedure.
[0090] In some embodiments, the teachings of the present disclosure may be applied to the
selection of geological realizations as part of reservoir simulation. However, the approach may be
applicable to any uncertainty-based workflow that is described by a set of discrete realizations (and
be considered in conjunction with any continuous uncertain parameters). These realizations could
be geological realizations of the reservoir, or some other artifact based on gathered data (after
processing or in real-time, from a tool, for example). The procedure serves to optimize the system
under this set of discrete realizations in an efficient manner. For reservoir simulation this may
include establishing the optimal flowrates in the well to maximize some long-term objective, such
as the net present value (NPV) over many years. For some other system, it may provide the means
to anticipate the impact of a set of discrete realizations in an expedient manner, where the objective
is the goal of the intended system.

[0091] It should be noted that while the estimates of mean and variance can be evaluated and used
directly, it may be easier to capture statistical properties for higher moments by way of

distributions (PDF, CDF, etc.). Thus, the error function would be the mismatch between the
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observed distribution and the approximated one, based on the set of reduced realizations selected
during the nonlinear binary optimization sub-problem step.

[0092] In some embodiments, for reservoir simulation (as discussed herein), the processing may
be performed offline on a computer system comprising a reservoir simulation model. However,
depending on the problem, and how quickly the set of discrete realizations are established, it could
be applied to one or more systems working in real-time (or near real-time) closer to the field. The
main development is a means to manage uncertainty represented by a discrete set of possibilities
(geological realizations or other) and does not preclude the presence of continuous uncertain
parameters (that are sampled by distributions according to need).

[0093] The flowchart and block diagrams in the figures illustrate the architecture, functionality,
and operation of possible implementations of systems and methods and according to various
embodiments of the present disclosure. In this regard, each block in the flowchart or block
diagrams may represent a module, segment, or portion of code, which comprises one or more
executable instructions for implementing the specified logical function(s). It should also be noted
that, in some alternative implementations, the functions noted in the block may occur out of the
order noted in the figures. For example, two blocks shown in succession may, in fact, be executed
substantially concurrently, or the blocks may sometimes be executed in the reverse order,
depending upon the functionality involved. It will also be noted that each block of the block
diagrams and/or flowchart illustration, and combinations of blocks in the block diagrams and/or
flowchart illustration, can be implemented by special purpose hardware-based systems that
perform the specified functions or acts, or combinations of special purpose hardware and computer
instructions.

[0094] The terminology used herein is for the purpose of describing particular embodiments and
is not intended to be limiting of the disclosure. As used herein, the singular forms "a", "an" and
"the" are intended to include the plural forms as well, unless the context clearly indicates
otherwise. It will be further understood that the terms "comprises" and/or "comprising," when
used in this specification, specify the presence of stated features, integers, steps, operations,
elements, and/or components, but do not preclude the presence or addition of one or more other
features, integers, steps, operations, elements, components, and/or groups thereof.

[0095] The corresponding structures, materials, acts, and equivalents of means or step plus

function elements in the claims below are intended to include any structure, material, or act for
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performing the function in combination with other claimed elements as specifically claimed. The
description of the present disclosure has been presented for purposes of illustration and description
but is not intended to be exhaustive or limited to the disclosure in the form disclosed. Many
modifications and variations will be apparent to those of ordinary skill in the art without departing
from the scope and spirit of the disclosure. The embodiment was chosen and described in order
to best explain the principles of the disclosure and the practical application, and to enable others
of ordinary skill in the art to understand the disclosure for various embodiments with various
modifications as are suited to the particular use contemplated.

[0096] Although a few example embodiments have been described in detail above, those skilled
in the art will readily appreciate that many modifications are possible in the example embodiments
without materially departing from the scope of the present disclosure, described herein.
Accordingly, such modifications are intended to be included within the scope of this disclosure as
defined in the following claims. In the claims, means-plus-function clauses are intended to cover
the structures described herein as performing the recited function and not only structural
equivalents, but also equivalent structures. Thus, although a nail and a screw may not be structural
equivalents in that a nail employs a cylindrical surface to secure wooden parts together, whereas a
screw employs a helical surface, in the environment of fastening wooden parts, a nail and a screw
may be equivalent structures. It is the express intention of the applicant not to invoke 35 U.S.C. §
112, paragraph 6 for any limitations of any of the claims herein, except for those in which the
claim expressly uses the words ‘means for’ together with an associated function.

[0097] Having thus described the disclosure of the present application in detail and by reference
to embodiments thereof, it will be apparent that modifications and variations are possible without

departing from the scope of the disclosure defined in the appended claims.
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What is claimed is:

1. A computer-implemented method for optimizing a reservoir simulation corresponding to
a reservoir, the method comprising:
receiving, using one or more processors, reservoir data associated with the reservoir;
performing a simulation on the reservoir data to generate simulated reservoir data;
determining a subset of realizations including a minimal number of realizations from a
plurality of realizations based upon, at least in part, one or more statistical moments of the
simulated reservoir data; and
generating an optimized reservoir model associated with an objective based upon, at least

in part, the subset of realizations including the minimal number of realizations.

2. The computer-implemented method of claim 1, wherein determining the subset of
realizations including the minimal number of realizations from the plurality of subsets of
realizations includes:

selecting a first subset of realizations from the plurality of realizations based upon, at
least in part, the one or more statistical moments of the simulated reservoir data and a pre-
defined number of realizations;

optimizing a first set of one or more control variables to achieve the objective using the
selected first subset of realizations;

performing a first partial simulation on the reservoir data using the optimized first set of
one or more control variables on the generated first subset of realizations; and

performing a first full simulation on the reservoir data using the optimized first set of one

or more control variables on the plurality of realizations.

3. The computer-implemented method of claim 2, further comprising:

determining whether a mismatch between simulation results associated with the first full
simulation and simulation results associated with the first partial simulation are within a
predefined threshold,;

when the mismatch is determined to be within the predefined threshold:

a) incrementing the number of realizations;
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b) selecting a second subset of realizations from the plurality of
realizations based upon, at least in part, the one or more statistical moments of the
simulated reservoir data and the incremented number of realizations;

¢) optimizing the second set of one or more control variables for the
simulation of the reservoir data using the selected second subset of realizations;

d) performing a second partial simulation on the reservoir data using the
optimized second set of one or more control variables on the selected second
subset of realizations;

e) performing a second full simulation on the reservoir data using the
optimized second set of one or more control variables and the plurality of
realizations; and

f) repeating actions a) through e) until a convergence condition is

achieved.

4. The computer-implemented method of claim 1, further comprising:

selecting a plurality of random samples to simulate;

performing the simulation on the reservoir data to generate the simulated reservoir data
based upon, at least in part, the plurality of random samples; and

determining the one or more statistical moments of the simulated reservoir data.

5. The computer-implemented method of claim 2, wherein the one or more control variables

include one or more of a well liquid flow rate and an oil flow rate in the reservoir.

6. The computer-implemented method of claim 1, further comprising:
using the optimized reservoir model to alter one or more operations at the

reservoir.
7. The computer-implemented method of claim 1, wherein the one or more statistical

moments of the simulated reservoir data include one or more of a mean, a variance, and a

standard deviation.
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8. A computer program product residing on a non-transitory computer readable medium
having a plurality of instructions stored thereon which, when executed by a processor, cause the
processor to perform operations comprising:

receiving reservoir data associated with a reservoir;

performing a simulation on the reservoir data to generate simulated reservoir data;

determining a subset of realizations including a minimal number of realizations from a
plurality of realizations based upon, at least in part, one or more statistical moments of the
simulated reservoir data; and

generating an optimized reservoir model associated with an objective based upon, at least

in part, the subset of realizations including the minimal number of realizations.

0. The computer program product of claim 8, wherein determining the subset of realizations
including the minimal number of realizations from the plurality of subsets of realizations
includes:

selecting a first subset of realizations from the plurality of realizations based upon, at
least in part, the one or more statistical moments of the simulated reservoir data and a pre-
defined number of realizations;

optimizing a first set of one or more control variables to achieve the objective using the
selected first subset of realizations;

performing a first partial simulation on the reservoir data using the optimized first set of
one or more control variables on the selected first subset of realizations; and

performing a first full simulation on the reservoir data using the optimized first set of one

or more control variables on the plurality of realizations.

10.  The computer program product of claim 9, further comprising instructions configured to
cause the processor to perform operations comprising:

determining whether a mismatch between simulation results associated with the first full
simulation and simulation results associated with the first partial simulation are within a
predefined threshold,;

when the mismatch is determined to be within the predefined threshold:

a) incrementing the number of realizations;
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b) selecting a second subset of realizations from the plurality of
realizations based upon, at least in part, the one or more statistical moments of the
simulated reservoir data and the incremented number of realizations;

¢) optimizing the second set of one or more control variables for the
simulation of the reservoir data using the selected second subset of realizations;

d) performing a second partial simulation on the reservoir data using the
optimized second set of one or more control variables on the selected second
subset of realizations;

e) performing a second full simulation on the reservoir data using the
optimized second set of one or more control variables and the plurality of
realizations; and

f) repeating actions a) through e) until a convergence condition is

achieved.

11.  The computer program product of claim 8, further comprising instructions configured to
cause the processor to perform operations comprising:

selecting a plurality of random samples to simulate;

performing the simulation on the reservoir data to generate the simulated reservoir data
based upon, at least in part, the plurality of random samples; and

determining the one or more statistical moments of the simulated reservoir data.

12.  The computer program product of claim 9, wherein the one or more control variables

include one or more of a well liquid flow rate and an oil flow rate in the reservoir.

13.  The computer program product of claim 8, further comprising instructions configured to
cause the processor to perform operations comprising:
using the optimized reservoir model to alter one or more operations at the

reservoir.
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14.  The computer program product of claim 8, wherein the one or more statistical moments
of the simulated reservoir data include one or more of a mean, a variance, and a standard

deviation.

15. A computing system including one or more processors and one or more memories
configured to perform operations comprising:

receiving reservoir data associated with a reservoir;

performing a simulation on the reservoir data to generate simulated reservoir data;

determining a subset of realizations including a minimal number of realizations from a
plurality of realizations based upon, at least in part, one or more statistical moments of the
simulated reservoir data; and

generating an optimized reservoir model associated with an objective based upon, at least

in part, the subset of realizations including the minimal number of realizations.

16.  The computing system of claim 15, wherein determining the subset of realizations
including the minimal number of realizations from the plurality of subsets of realizations
includes:

selecting a first subset of realizations from the plurality of realizations based upon, at
least in part, the one or more statistical moments of the simulated reservoir data and a pre-
defined number of realizations;

optimizing a first set of one or more control variables to achieve the objective using the
selected first subset of realizations;

performing a first partial simulation on the reservoir data using the optimized first set of
one or more control variables on the selected first subset of realizations; and

performing a first full simulation on the reservoir data using the optimized first set of one

or more control variables on the plurality of realizations.

17. The computing system of claim 16, further configured to perform operations comprising:
determining whether a mismatch between simulation results associated with the first full
simulation and simulation results associated with the first partial simulation are within a

predefined threshold,;
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when the mismatch is determined to be within the predefined threshold:

a) incrementing the number of realizations;

b) selecting a second subset of realizations from the plurality of
realizations based upon, at least in part, the one or more statistical moments of the
simulated reservoir data and the incremented number of realizations;

¢) optimizing the second set of one or more control variables for the
simulation of the reservoir data using the selected second subset of realizations;

d) performing a second partial simulation on the reservoir data using the
optimized second set of one or more control variables on the selected second
subset of realizations;

e) performing a second full simulation on the reservoir data using the
optimized second set of one or more control variables and the plurality of
realizations; and

f) repeating actions a) through e) until a convergence condition is

achieved.

18. The computing system of claim 15, further configured to perform operations comprising:
selecting a plurality of random samples to simulate;
performing the simulation on the reservoir data to generate the simulated reservoir data
based upon, at least in part, the plurality of random samples; and

determining the one or more statistical moments of the simulated reservoir data.

19.  The computing system of claim 16, wherein the one or more control variables include

one or more of a well liquid flow rate and an oil flow rate in the reservoir.
20. The computing system of claim 15, further comprising:

using the optimized reservoir model to alter one or more operations at the

reservoir.
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