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(57) Abstract: System and methods for simulating fluid flow during downhole operations are provided. Measurements of an operating
variable at one or more locations within a formation are obtained from a downhole tool disposed in a wellbore within the formation
during a current stage of a downhole operation being performed along the wellbore. The obtained measurements are applied as inputs
to a hybrid model of the formation. The hybrid model includes physics-based and machine learning models that are coupled together
within a simulation grid. Fluid flow within the formation is simulated, based on the inputs applied to the hybrid model. A response of
the operating variable is estimated for a subsequent stage of the downhole operation along the wellbore, based on the simulation. Flow
control parameters for the subsequent stage are determined based on the estimated response. The subsequent stage of the operation is
performed according to the determined flow control parameters.
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HYBRID PHYSICS-BASED AND MACHINE LEARNING MODELS FOR RESERVOIR
SIMULATIONS

FIELD OF THE DISCLOSURE
[0001] The present disclosure relates generally to reservoir modeling and flow
simulations for wellsite operations and particularly, to reservoir modeling and flow simulations

for predicting downhole fluid behavior during wellsite operations.

BACKGROUND

[0002] Various modeling techniques are commonly used in the design and analysis of
hydrocarbon exploration and production operations. For example, a geologist or reservoir
engineer may use a geocellular model or other physics-based model of an underground reservoir
formation to make decisions regarding the placement of production or injection wells in a
hydrocarbon producing field or across a region encompassing multiple fields. In addition, such
physics-based models may be used in conjunction with various numerical techniques to simulate
downhole fluid behavior. The results of the simulation may then be used to estimate appropriate
flow control parameters needed to optimize the distribution of fluids injected into the formation
and improve hydrocarbon recovery from the formation.

[0003] The accuracy of the simulation may be dependent upon how well the underlying
model is able to account for the spatial and temporal variability of the fluid flow under a given
set of operating conditions. However, a physics-based model is based on assumptions and
generally requires an accurate delineation of all relevant parameters affecting the flow downhole
in order to effectively account for the actual physics of the fluid flow within the formation.
Therefore, in cases where information relating to such downhole parameters is unavailable or
incomplete, a simulation based on a physics-based model may be unreliable. Also, in cases
where such information is available, the data processing requirements for the simulation may
significantly reduce system performance due to the amount of information that would need to be

processed.
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SUMMARY

[0004] In accordance with a broad aspect, there is provided a computer-implemented
method of simulating fluid flow during downhole operations, the method comprising: obtaining,
by a computer system from a downhole tool disposed in a wellbore within a formation,
measurements of an operating variable at one or more locations within the formation during a
current stage of a downhole operation being performed along the wellbore, applying the obtained
measurements as inputs to a hybrid model of the formation, the hybrid model including physics-
based and machine learning models that are coupled together within a simulation grid, simulating
fluid flow within the formation, based on the inputs applied to the hybrid model, estimating a
response of the operating variable for a subsequent stage of the downhole operation to be
performed along the wellbore, based on the simulation, determining flow control parameters for
the subsequent stage of the downhole operation to be performed, based on the estimated
response, and performing the subsequent stage of the downhole operation according to the
determined flow control parameters.

[0005] In accordance with another aspect, there is provided a system comprising: a
processor, and a memory coupled to the processor, the memory having instructions stored
therein, which, when executed by the processor, cause the processor to perform a plurality of
functions, including functions to obtain, from a downhole tool disposed in a wellbore within a
formation, measurements of an operating variable at one or more locations within the formation
during a current stage of a downhole operation being performed along the wellbore, apply the
obtained measurements as inputs to a hybrid model of the formation, the hybrid model including
physics-based and machine learning models that are coupled together within a simulation grid,
simulate fluid flow within the formation, based on the inputs applied to the hybrid model,
estimate a response of the operating variable for a subsequent stage of the downhole operation to
be performed along the wellbore, based on the simulation, determine flow control parameters for
the subsequent stage of the downhole operation to be performed, based on the estimated
response, and perform the subsequent stage of the downhole operation according to the
determined flow control parameters.

[0006] In accordance with yet another aspect, there is provided a non-transitory
computer-readable storage medium having instructions stored therein, which, when executed by

a computer, cause the computer to perform a plurality of functions, including functions to:

2
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obtain, from a downhole tool disposed in a wellbore within a formation, measurements of an
operating variable at one or more locations within the formation during a current stage of a
downhole operation being performed along the wellbore, apply the obtained measurements as
inputs to a hybrid model of the formation, the hybrid model including physics-based and
machine learning models that are coupled together within a simulation grid, simulate fluid flow
within the formation, based on the inputs applied to the hybrid model, estimate a response of the
operating variable for a subsequent stage of the downhole operation to be performed along the
wellbore, based on the simulation, determine flow control parameters for the subsequent stage of
the downhole operation to be performed, based on the estimated response, and perform the
subsequent stage of the downhole operation according to the determined flow control

parameters.

BRIEF DESCRIPTION OF THE DRAWINGS
[0007] FIG. 1 is a diagram of an illustrative well system for a downhole operation along
different sections of a wellbore within a subsurface reservoir formation.
[0008] FIG. 2 is a block diagram of an illustrative system for real-time flow simulation
and control of fluid injection during a multistage stimulation treatment.
[0009] FIGS. 3A, 3B and 3C are diagrams of illustrative hybrid reservoir simulation
models based on different approaches for coupling or combining physics-based and machine-
learning (ML) models within a simulation grid.
[0010] FIG. 4 is a grid of temperature values illustrating an example of a finite difference
solution for two-dimensional (2D) heat transfer within a reservoir formation.
[0011] FIG. 5 is another grid of temperature values illustrating an example of a coupled
finite difference and smoothed-particle hydrodynamics (SPH) solution for heat transfer between
fractured and non-fractured regions of the reservoir formation.
[0012] FIG. 6 is a plot graph showing a comparison between an ML-based numerical
solution and an analytical solution for one-dimensional (1D) heat transfer within fractured
regions of the reservoir formation.
[0013] FIG. 7 is yet another grid of temperature values illustrating an example of a
coupled finite difference and machine learning solution for heat transfer between fractured and

non-fractured regions of the reservoir formation.

3
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[0014] FIG. 8 is a flowchart of an illustrative process of simulating flow of fluids for a
downhole operation within a reservoir formation based on a hybrid simulation model including
coupled physics-based and machine learning models.

[0015] FIG. 9 is a block diagram of an illustrative computer system in which

embodiments of the present disclosure may be implemented.

DESCRIPTION OF ILLUSTRATIVE EMBODIMENTS

[0016] Embodiments of the present disclosure relate to using hybrid reservoir simulation
models, including coupled physics-based and machine-learning (ML) models, for real-time
simulation and control of fluid flow during downhole operations within a subsurface reservoir
formation. While the present disclosure is described herein with reference to illustrative
embodiments for particular applications, it should be understood that embodiments are not
limited thereto. Other embodiments are possible, and modifications can be made to the
embodiments within the spirit and scope of the teachings herein and additional fields in which
the embodiments would be of significant utility.

kxd 113

[0017] In the detailed description herein, references to “one embodiment,” “an

22 €C

embodiment,” “an example embodiment,” etc., indicate that the embodiment described may
include a particular feature, structure, or characteristic, but every embodiment may not
necessarily include the particular feature, structure, or characteristic. Moreover, such phrases are
not necessarily referring to the same embodiment. Further, when a particular feature, structure,
or characteristic is described in connection with an embodiment, it is submitted that it is within
the knowledge of one skilled in the relevant art to implement such feature, structure, or
characteristic in connection with other embodiments whether or not explicitly described.

[0018] It would also be apparent to one of skill in the relevant art that the embodiments,
as described herein, can be implemented in many different embodiments of software, hardware,
firmware, and/or the entities illustrated in the figures. Any actual software code with the
specialized control of hardware to implement embodiments is not limiting of the detailed
description. Thus, the operational behavior of embodiments will be described with the
understanding that modifications and variations of the embodiments are possible, given the level

of detail presented herein.
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[0019] Embodiments of the present disclosure may be used to make real-time operating
decisions to optimize parameters of a downhole operation within a subsurface formation. For
example, the downhole operation may be a stimulation treatment and the disclosed embodiments
may be used to determine control parameters for optimizing the flow distribution of fluids
injected into a reservoir formation at different points along a wellbore drilled within the
formation. The stimulation treatment may involve injecting a treatment fluid into the formation
over multiple stages to stimulate hydrocarbon production from the formation. The fluid may be
injected at each stage treatment into an area of the formation via a plurality of formation entry
points (or “perforation clusters”) along a corresponding portion of the wellbore. In one or more
embodiments, a hybrid simulation model (or “hybrid model””) may be used to simulate fluid flow
within the formation at each stage. The results of the simulation may then be used to estimate a
response of one or more operating variables for a subsequent stage of the treatment and adjust
flow control parameters in order to achieve a desired flow distribution of the fluid to be injected
during the subsequent stage. While embodiments may be described in the context of a
multistage hydraulic fracturing treatment, it should be appreciated that the disclosed hybrid
modeling and reservoir flow simulation techniques are not intended to be limited thereto and that
these techniques may be applied to other types of downhole operations, such as production and
completion operations.

[0020] In one or more embodiments, the hybrid simulation model may include one or
more physics-based models that are coupled with a machine learning model. Examples of such
physics-based models include, but are not limited to, a finite difference (FD) model, a smoothed
particle hydrodynamics (SPH) model, a Lattice Boltzmann model and similar types of physics-
based models. The machine learning model may be, for example, at least one of a recurrent deep
neural network (DNN) or a long short-term memory (LSTM) deep neural network model.

[0021] As will be described in further detail below, the physics-based and machine
learning components of the hybrid model disclosed herein may be combined in different ways to
model fluid dynamics and interactions with respect to different regions of a computational
domain representing the formation. The computational domain may be, for example, a
simulation grid including a plurality of cells corresponding to different formation areas. In one
example, a pure DNN based proxy model may be included within the hybrid simulation model as

a portion of an overall Finite Difference Reservoir Model. In another example, SPH based
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physics equation dynamics may be incorporated into a DNN as additional layers that enable the
simulation of physical interactions with unordered particle sets. In yet another example,
different regions of cells within the simulation grid may be assigned either a physics-based
model, e.g., an SPH model, or a machine learning model, e.g., a DNN, for modeling heat transfer
between the cells, where values of an operating variable (e.g., temperature) at locations within
the cells associated with one model may be exchanged as boundary conditions for nearby cells
associated with the other model via interfaces between the cells within the simulation grid.

[0022] Ilustrative embodiments and related methodologies of the present disclosure are
described below in reference to FIGS. 1-9 as they might be employed in, for example, a
computer system for real-time monitoring and control of fluid flow during a downhole operation
along a planned well path within a reservoir formation. While the following examples may be
described in the context of a multistage hydraulic fracturing treatment, it should be appreciated
that the disclosed hybrid modeling and reservoir flow simulation techniques are not intended to
be limited thereto and that these techniques may be applied to other types of downhole
operations, e.g., hydrocarbon production operations, as well as to other types of stimulation
treatments, e.g., acid fracturing and matrix acidizing treatments. Other features and advantages
of the disclosed embodiments will be or will become apparent to one of ordinary skill in the art
upon examination of the following figures and detailed description. It is intended that all such
additional features and advantages be included within the scope of the disclosed embodiments.
Further, the illustrated figures are only exemplary and are not intended to assert or imply any
limitation with regard to the environment, architecture, design, or process in which different
embodiments may be implemented. Also, while a figure may depict a horizontal wellbore or a
vertical wellbore, unless indicated otherwise, it should be understood by those skilled in the art
that the apparatus according to the present disclosure is equally well suited for use in wellbores
having other orientations including vertical wellbores, slanted wellbores, multilateral wellbores
or the like.

[0023] FIG. 1 is a diagram illustrating an example of a well system 100 for performing a
downhole operation within a hydrocarbon reservoir formation. The downhole operation may be,
for example, a multistage stimulation treatment. However, it should be appreciated that
embodiments of the present disclosure are not intended to be limited thereto. As shown in the

example of FIG. 1, well system 100 includes a wellbore 102 in a subsurface reservoir formation
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104 beneath a surface 106 of the wellsite. Wellbore 102 as shown in the example of FIG. 1
includes a horizontal wellbore. However, it should be appreciated that embodiments are not
limited thereto and that well system 100 may include any combination of horizontal, vertical,
slant, curved, and/or other wellbore orientations. The subsurface formation 104 may include a
reservoir that contains hydrocarbon resources, such as oil, natural gas, and/or others. For
example, the subsurface formation 104 may be a rock formation (e.g., shale, coal, sandstone,
granite, and/or others) that includes hydrocarbon deposits, such as oil and natural gas. In some
cases, the subsurface formation 104 may be a tight gas formation that includes low permeability
rock (e.g., shale, coal, and/or others). The subsurface formation 104 may be composed of
naturally fractured rock and/or natural rock formations that are not fractured to any significant
degree.

[0024] Well system 100 also includes a fluid injection system 108 for injecting treatment
fluid, e.g., hydraulic fracturing fluid, into the subsurface formation 104 over multiple sections
118a, 118b, 118¢c, 118d, and 118e (collectively referred to herein as “sections 118”) of the
wellbore 102, as will be described in further detail below. Each of the sections 118 may
correspond to, for example, a different stage or interval of the multistage stimulation treatment.
The boundaries of the respective sections 118 and corresponding treatment stages/intervals along
the length of the wellbore 102 may be delineated by, for example, the locations of bridge plugs,
packers and/or other types of equipment in the wellbore 102. Additionally or alternatively, the
sections 118 and corresponding treatment stages may be delineated by particular features of the
subsurface formation 104. Although five sections are shown in FIG. 1, it should be appreciated
that any number of sections and/or treatment stages may be used as desired for a particular
implementation. Furthermore, each of the sections 118 may have different widths or may be
uniformly distributed along the wellbore 102.

[0025] As shown in FIG. 1, injection system 108 includes an injection control subsystem
111, a signaling subsystem 114 installed in the wellbore 102, and one or more injection tools 116
installed in the wellbore 102. The injection control subsystem 111 can communicate with the
injection tools 116 from a surface 110 of the wellbore 102 via the signaling subsystem 114.
Although not shown in FIG. 1, injection system 108 may include additional and/or different
features for implementing the flow distribution monitoring and diversion control techniques

disclosed herein. For example, the injection system 108 may include any number of computing
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subsystems, communication subsystems, pumping subsystems, monitoring subsystems, and/or
other features as desired for a particular implementation. In some implementations, the injection
control subsystem 111 may be communicatively coupled to a remote computing system (not
shown) for exchanging information via a network for purposes of monitoring and controlling
wellsite operations, including operations related to the stimulation treatment. Such a network
may be, for example and without limitation, a local area network, medium area network, and/or a
wide area network, e.g., the Internet.

[0026] During each stage of the stimulation treatment, the injection system 108 may alter
stresses and create a multitude of fractures in the subsurface formation 104 by injecting the
treatment fluid into the surrounding subsurface formation 104 via a plurality of formation entry
points along a portion of the wellbore 102 (e.g., along one or more of sections 118). The fluid
may be injected through any combination of one or more valves of the injection tools 116. The
injection tools 116 may include numerous components including, but not limited to, valves,
sliding sleeves, actuators, ports, and/or other features that communicate treatment fluid from a
working string disposed within the wellbore 102 into the subsurface formation 104 via the
formation entry points. The formation entry points may include, for example, open-hole sections
along an uncased portion of the wellbore path, a cluster of perforations along a cased portion of
the wellbore path, ports of a sliding sleeve completion device along the wellbore path, slots of a
perforated liner along the wellbore path, or any combination of the foregoing.

[0027] In one or more embodiments, the valves, ports, and/or other features of the
injection tools 116 can be configured to control the location, rate, orientation, and/or other
properties of fluid flow between the wellbore 102 and the subsurface formation 104. The
injection tools 116 may include multiple tools coupled by sections of tubing, pipe, or another
type of conduit. The injection tools may be isolated in the wellbore 102 by packers or other
devices installed in the wellbore 102.

[0028] In some implementations, the injection system 108 may be used to create or
modify a complex fracture network in the subsurface formation 104 by injecting fluid into
portions of the subsurface formation 104 where stress has been altered. For example, the
complex fracture network may be created or modified after an initial injection treatment has
altered stress by fracturing the subsurface formation 104 at multiple locations along the wellbore

102. After the initial injection treatment alters stresses in the subterranean formation, one or
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more valves of the injection tools 116 may be selectively opened or otherwise reconfigured to
stimulate or re-stimulate specific areas of the subsurface formation 104 along one or more
sections 118 of the wellbore 102, taking advantage of the altered stress state to create complex
fracture networks. In some cases, the injection system 108 may inject fluid simultaneously for
multiple intervals and sections 118 of wellbore 102.

[0029] The operation of the injection tools 116 may be controlled by the injection control
subsystem 111. The injection control subsystem 111 may include, for example, data processing
equipment, communication equipment, and/or other systems that control injection treatments
applied to the subsurface formation 104 through the wellbore 102. In one or more embodiments,
the injection control subsystem 111 may receive, generate, or modify a baseline treatment plan
for implementing the various stages of the stimulation treatment along the path of the wellbore
102. The baseline treatment plan may specify initial flow control parameters for injecting the
treatment fluid into the subsurface formation 104. The treatment plan may also specify a
baseline pumping schedule for the treatment fluid injections during each stage of the stimulation
treatment.

[0030] In one or more embodiments, the injection control subsystem 111 initiates control
signals to configure the injection tools 116 and/or other equipment (e.g., pump trucks, etc.) for
operation based on the treatment plan. The signaling subsystem 114 as shown in FIG. 1
transmits the signals from the injection control subsystem 111 at the wellbore surface 110 to one
or more of the injection tools 116 disposed in the wellbore 102. For example, the signaling
subsystem 114 may transmit hydraulic control signals, electrical control signals, and/or other
types of control signals. The control signals may be reformatted, reconfigured, stored,
converted, retransmitted, and/or otherwise modified as needed or desired en route between the
injection control subsystem 111 (and/or another source) and the injection tools 116 (and/or
another destination). The signals transmitted to the injection tools 116 may control the
configuration and/or operation of the injection tools 116. Examples of different ways to control
the operation of each of the injection tools 116 include, but are not limited to, opening, closing,
restricting, dilating, repositioning, reorienting, and/or otherwise manipulating one or more valves
of the tool to modify the manner in which treatment fluid, proppant, or diverter is communicated
into the subsurface formation 104. It should be appreciated that the combination of injection

valves of the injection tools 116 may be configured or reconfigured at any given time during the
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stimulation treatment. It should also be appreciated that the injection valves may be used to
inject any of various treatment fluids, proppants, and/or diverter materials into the subsurface
formation 104.

[0031] In some implementations, the signaling subsystem 114 transmits a control signal
to multiple injection tools, and the control signal is formatted to change the state of only one or a
subset of the multiple injection tools. For example, a shared electrical or hydraulic control line
may transmit a control signal to multiple injection valves, and the control signal may be
formatted to selectively change the state of only one (or a subset) of the injection valves. In some
cases, the pressure, amplitude, frequency, duration, and/or other properties of the control signal
determine which injection tool is modified by the control signal. In some cases, the pressure,
amplitude, frequency, duration, and/or other properties of the control signal determine the state
of the injection tool affected by the modification.

[0032] In one or more embodiments, the injection tools 116 may include one or more
sensors for collecting data relating to downhole operating conditions and formation
characteristics along the wellbore 102. Such sensors may serve as real-time data sources for
various types of downhole measurements and diagnostic information pertaining to each stage of
the stimulation treatment. Examples of such sensors include, but are not limited to, micro-
seismic sensors, tiltmeters, pressure sensors, and other types of downhole sensing equipment.
The data collected downhole by such sensors may include, for example, real-time measurements
and diagnostic data for monitoring the extent of fracture growth and complexity within the
surrounding formation along the wellbore 102 during each stage of the stimulation treatment,
e.g., corresponding to one or more sections 118. In some implementations, the injection tools
116 may include fiber-optic sensors for collecting real-time measurements of acoustic intensity
or thermal energy downhole during the stimulation treatment. For example, the fiber-optic
sensors may be components of a distributed acoustic sensing (DAS), distributed strain sensing,
and/or distributed temperature sensing (DTS) subsystems of the injection system 108. However,
it should be appreciated that embodiments are not intended to be limited thereto and that the
injection tools 116 may include any of various measurement and diagnostic tools. In some
implementations, the injection tools 116 may be used to inject particle tracers, e.g., tracer slugs,
into the wellbore 102 for monitoring the flow distribution based on the distribution of the

injected particle tracers during the treatment. For example, such tracers may have a unique
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temperature profile that the DTS subsystem of the injection system 108 can be used to monitor
over the course of a treatment stage.

[0033] In one or more embodiments, the signaling subsystem 114 may be used to
transmit real-time measurements and diagnostic data collected downhole by one or more of the
aforementioned data sources to the injection control subsystem 111 for processing at the
wellbore surface 110. Thus, in the fiber-optics example above, the downhole data collected by
the fiber-optic sensors may be transmitted to the injection control subsystem 111 via, for
example, fiber optic cables included within the signaling subsystem 114. The injection control
subsystem 111 (or data processing components thereof) may use the downhole data that it
receives via the signaling subsystem 114 to perform real-time fracture mapping and/or real-time
fracturing pressure interpretation using any of various data analysis techniques for monitoring
stress fields around hydraulic fractures.

[0034] The injection control subsystem 111 may use the real-time measurements and
diagnostic data received from the data source(s) to monitor a downhole flow distribution of the
treatment fluid injected into the plurality of formation entry points along the path of the wellbore
102 during each stage of the stimulation treatment. In one or more embodiments, such data may
be used to simulate flow behavior of injected fluids during each treatment stage and determine
flow control parameters for the next treatment stage to be performed along the wellbore 102, as
will be described in further detail below.

[0035] FIG. 2 is a block diagram of an illustrative system 200 for real-time flow
simulation and control of fluid injection during a multistage stimulation treatment. System 200
may be used to implement injection control subsystem 111 of FIG. 1, as described above. As
shown in FIG. 2, system 200 includes a well monitor 210, a memory 220, a graphical user
interface (GUI) 230, and a network interface 240. In one or more embodiments, well monitor
210, memory 220, GUI 230, and network interface 240 may be communicatively coupled to one
another via an internal bus of system 200. Although only well monitor 210, memory 220, GUI
230, and network interface 240 are shown in FIG. 2, it should be appreciated that system 200
may include additional components, modules, and/or sub-components as desired for a particular
implementation.

[0036] System 200 can be implemented using any type of computing device having at

least one processor and a processor-readable storage medium for storing data and instructions
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executable by the processor. Examples of such a computing device include, but are not limited
to, a mobile phone, a personal digital assistant (PDA), a tablet computer, a laptop computer, a
desktop computer, a workstation, a server, a cluster of computers, a set-top box, or other type of
computing device. Such a computing device may also include an input/output (I/O) interface for
receiving user input or commands via a user input device (not shown). The user input device
may be, for example and without limitation, a mouse, a QWERTY or T9 keyboard, a touch-
screen, a graphics tablet, or a microphone. The I/O interface also may be used by the computing
device to output or present information via an output device (not shown). The output device may
be, for example, a display coupled to or integrated with the computing device for displaying a
digital representation of the information being presented to the user. The I/O interface in the
example shown in FIG. 2 may be coupled to GUI 230 for receiving input from a user 202 and
displaying information and content to user 202 based on the received input. GUI 230 can be any
type of GUI display coupled to system 200.

[0037] Memory 220 may be used to store information accessible by well monitor 210
and any of its components for implementing the hybrid reservoir modeling and simulation
techniques disclosed herein. As shown in the example of FIG. 2, such information may include
downhole data 222 and a hybrid model 224. Memory 220 may be any type of recording medium
coupled to an integrated circuit that controls access to the recording medium. The recording
medium can be, for example and without limitation, a semiconductor memory, a hard disk, or
similar type of memory or storage device. In some implementations, memory 220 may be a
remote data store, e.g., a cloud-based storage location, communicatively coupled to system 200
over a network 204 via network interface 240. Network 204 can be any type of network or
combination of networks used to communicate information between different computing
devices. Network 204 can include, but is not limited to, a wired (e.g., Ethernet) or a wireless
(e.g., Wi-Fi or mobile telecommunications) network. In addition, network 204 can include, but
is not limited to, a local area network, medium area network, and/or wide area network such as
the Internet.

[0038] In one or more embodiments, well monitor 210 includes a data manager 212, a
reservoir simulator 214, and an injection controller 216. Data manager 212 may store downhole
data 222 within memory 220 after obtaining the data from a downhole tool disposed in a

wellbore drilled within a reservoir formation (e.g., formation 104 of FIG. 1, as described above).
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The downhole tool may be, for example, a measurement-while-drilling (MWD) or logging-
while-drilling (LWD) tool coupled to or included within a bottom-hole assembly of a drill string
disposed within the wellbore. Downhole data 222 may include real-time measurements collected
by the downhole tool for at least one operating variable at one or more locations within the
formation during each stage of the stimulation treatment along the wellbore.

[0039] In one or more embodiments, reservoir simulator 214 may apply the
measurements collected by the downhole tool during a current stage of the treatment as inputs to
hybrid model 224 for simulating fluid flow within the formation for a subsequent stage of the
stimulation treatment to be performed along the wellbore. As will be described in further detail
below, hybrid model 224 may be a hybrid simulation model including both physics-based and
machine learning models, which are coupled together within a simulation grid representing the
formation, including fractured and non-fractured portions thereof.

[0040] In one or more embodiments, injection controller 216 may estimate a response of
the at least one operating variable to fluid injection within the formation during the subsequent
stage of the stimulation treatment to be performed, based on the simulation performed by
reservoir simulator 214. Injection controller 216 may also determine flow control parameters for
the subsequent stage of the stimulation treatment to be performed, based on the estimated
response. Injection controller 216 may then perform the subsequent treatment stage by injecting
the fluid according to the determined flow control parameters, e.g., by sending appropriate
control signals to downhole injection tools, e.g., injection tools 116 of FIG. 1, as described
above, coupled to system 200 via a signaling subsystem, e.g., a signaling subsystem 114 of FIG.
1. In one or more embodiments, injection controller 216 may monitor an actual response of the
injected fluid within the formation, based on additional measurements of the at least one
operating variable obtained by data manager 212 as the subsequent stage of the stimulation
treatment is performed along the wellbore. Hybrid model 224 may be updated if the difference
between the actual response and the estimated response of the injected fluid exceeds an error
tolerance threshold. The updated model may then be used by reservoir simulator 214 to perform
reservoir flow simulations for subsequent treatment stages along the wellbore.

[0041] In one or more embodiments, hybrid model 224 may be based on a simulation
grid generated by reservoir simulator 214. The simulation grid may include a plurality of cells

corresponding different areas of the reservoir formation. In one or more embodiments, the
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simulation grid may define a computational domain for modeling heat transfer within different
regions of the formation based on a hybrid of physics-based and machine learning models. Such
a hybrid model may be generated using any of various hybrid modeling approaches that combine
physics-based and machine learning models for simulating fluid interactions within the reservoir
formation. Three examples of hybrid modeling approaches will be described below using the
hybrid models shown in FIGS. 3A-3B. However, it should be appreciated that embodiments of
the present disclosure are not intended to be limited thereto and that other approaches, including
variations of the approaches described in these examples, may also be used.

[0042] FIG. 3A is a diagram illustrating an example of a hybrid model 300A including a
machine-learning (ML) model 310A in a portion of an overall finite difference (FD) model 320A
of a reservoir formation. In one or more embodiments, FD model 320A may be a physics-based
model in the form of a simulation grid with a plurality of cells representing different regions of
the formation. ML model 310A in this example may be a pure DNN based proxy model that
replaces one or more cells of the simulation grid originally associated with FD model 320A. The
cells associated with ML model 310A may correspond to fractured regions of the formation
while the cells associated with FD model 320A may correspond to surrounding non-fractured
regions of the formation. In one or more embodiments, measurements 312A of at least one
operating variable may be applied as inputs to ML model 310 (or DNN portion of hybrid model
300A) for simulating fluid flow within the formation or relevant portion thereof. Measurements
312A may include, for example, values of the operating variable(s) measured in real time by a
downhole tool at one or more locations or depths within the formation, e.g., during one or more
stages of a stimulation treatment being performed along a wellbore (e.g., wellbore 102 of FIG. 1,
as described above). Examples of such an operating variable include, but are not limited to,
pressure, volume, and temperature. In one or more embodiments, hybrid model 300A may be
used to model changes in the operating variable (e.g., temperature changes due to heat transfer)
at an interface 315A between cells of the simulation grid associated with ML model 310 and
those associated with FD model 320A. Interface 315A in this example may represent areas or
locations within the cells of the simulation grid associated with one model where values of an
operating variable (e.g., temperature) may be exchanged as boundary conditions for nearby cells
associated with the other model. While the disclosed hybrid modeling techniques may be
described in the context of modeling heat transfer, it should be appreciated that the disclosed
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techniques are not intended to be limited thereto and that these techniques may be applied to
modeling changes in other operating variables that may affect downhole fluid dynamics.

[0043] FIG. 3B is a diagram illustrating an example of a hybrid model 300B. Like
hybrid model 300A of FIG. 3A, described above, hybrid model 300B includes an ML model
310B (e.g., a DNN) within a portion of a FD model 320B in the form of a simulation grid with
an interface 315B between cells associated with each model. As shown in FIG. 3B, hybrid
model 300B may also incorporate a physics-based SPH model and associated SPH-based physics
equation dynamics as additional SPH layers 330 of the DNN/ML model 310B. Unlike
conventional neural networks, which lack the functionality to interface with unordered sets of
particles, the additional SPH layers 330 in the DNN/ML model 310B of hybrid model 300B
enable computing physical interactions with unordered particle sets. In one or more
embodiments, the SPH layers 330 added to the DNN in this example may include a
convolutional SPH layer, which may be used to compute particle-particle pairwise interactions
based on SPH equations, and a convolutional signed distance function (SDF) layer, which may
be used to compute particle-static object interactions. These layers may be added or combined
with the DNN using standard operators (e.g., element wise addition) to reproduce the SPH
effects inside the DNN.

[0044] In one or more embodiments, the convolutional SPH layer (expressed as
“ConvSP”) of hybrid model 300B may compute particle-to-particle interactions within one or
more formation regions as a smoothing kernel over a set of particles, e.g., using Equation (1) as

follows:

ConvSP(X,Y) = {T;exy;W(di;, h) | i € X} (1)

where i and j represent different particles, X is the set of particle locations, Y is a corresponding
set of feature vectors, )5 = is the feature vector in Y associated with particle j, W is a kermel
function, dj is the distance between particles i and j, and / is the cutoff radius.

[0045] In one or more embodiments, the convolutional SDF layer (expressed as
“ConvSDF™) of hybrid model 300B may compute particle-to-static object interactions within the

formation region(s), e.g., using Equation (2) as follows:
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where wk is the weight associated with kernel cell £, K is the set of offsets for a given
convolutional kemel, p; is the location of particle i, SDFj is the jth SDF in the scene, and d is the
dilation of the kemel.

[0046] FIG. 3C is a diagram of an illustrative hybrid model 300C including coupled
physics-based and machine-leaming models for different regions of a simulation grid. As
described above, different regions of cells within the simulation grid may be assigned either a
physics-based model (e.g., a FD model 320C or an SPH model 340) or a machine learning model
310C (e.g., a DNN incorporating measurements 312C) for modeling heat transfer or other
changes affecting fluid dynamics between the cells (e.g., within interface areas 315C and 345),
where values of an operating variable (e.g., temperature) at locations within the cells associated
with one model may be exchanged as boundary conditions for nearby cells associated with the
other model via interfaces between the cells within the simulation grid.

[0047] In one or more embodiments, heat transfer within cells of the simulation grid
associated with the FD model in a hybrid model, e.g., any of hybrid models 300A, 300B and
300C shown in FIGS. 3A, 3B and 3C, respectively, may be modeled using a steady state two-
dimensional (2D) heat transfer model, e.g., as expressed by Equation (3):

T+ l=0 (3)

0x? = 9y?

where 7'is temperature, x and y are spatial locations.

[0048] Equation (3) may be solved using a finite difference technique with boundary
conditions for the operating variable (temperature in this example) setto 7= 100 and 7= 0. An
example of the computational results that may be derived from solving Equation (3) with these
boundary conditions is shown in FIG. 4. In FIG. 4, a grid 400 of temperature values illustrates
an example of the finite difference solution for the 2D heat transfer of fluid particles within a cell
of the hybrid model (or portion thereof) that is associated with the FD model as a function of

locations (x) and (y). For example, grid 400 may represent a portion of a cell corresponding to
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the FD portion of an interface between the FD model and the ML or SPH model within the
hybrid model.

[0049] For cells of the hybrid model corresponding to fractured regions of the formation,
a one-dimensional (1D) heat transfer equation may be solved to model or simulate the heat
transfer inside the fractures using an SPH model, an ML model (e.g., a DNN), or some
combination thereof (e.g., as in hybrid models 300B and 300C of FIGS. 3B and 3C, respectively,
as described above). For example, in hybrid model 300C of FIG. 3C, SPH model 340 and ML
model 310C may exchange boundary conditions with FD model 320C at interfaces 315C and
345 between these models within hybrid model 300C.

[0050] FIG. 5 is a grid 500 showing an example of the computational results that may be
derived for heat transfer within the coupled FD and SPH regions of such a hybrid model. The
SPH regions in this example may correspond to fractures 502 within the formation being
modeled. Accordingly, the heat transfer inside fractures 502 may be simulated using a 1D SPH
model of the hybrid model, e.g., based on a corresponding 1D heat transfer equation, as
described above.

[0051] FIG. 6 is a plot graph 600 that shows a comparison between a numerical solution
based on a hybrid model, e.g., hybrid model 300B of FIG. 3B, including a physics-based model
(e.g., SPH model 330) within an ML model (e.g., ML model 310B) and an analytical solution
(e.g., based on 7= 100(1-x)). The numerical solution may be determined based on modified a
cost function, an example of which will be described in further detail below using Equation (4).
As shown in FIG. 6, the solutions match one other very well, which confirms that the physics-
based model can be solved effectively inside a ML framework.

[0052] FIG. 7 shows the computational results from modeling heat transfer in fractured
regions of a reservoir formation represented by a hybrid model. The fractured regions in this
example may be a set of fractures 702 corresponding to an interface between coupled FD and
ML models of the hybrid model (e.g., interface 315B of hybrid model 300B in FIG. 3B, as
described above). In one or more embodiments, the heat transfer inside fractures 702 may be
simulated using a 1D ML model of the hybrid model. Furthermore, a physics-based model (or
corresponding 1D heat transfer equation) of the hybrid model (e.g., SPH model 330 of hybrid
model 300B in FIG. 3B) may be solved inside the DNN or ML model (e.g., ML model 310B of
hybrid model 300B) by modifying a cost function, e.g., as expressed by Equation (4):
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[0053] The inputs to the ML model according to Equation (4) above may include

calculated or measured temperature values (7" or Imeasured) as a function of location (). In one or
more embodiments, the cost function of the ML model may be modified to include a hybrid
formation based on one or more SPH equations. Such a formulation improves over conventional
physics-based models by accounting for both the actual physics and various assumptions, e.g.,
based on empirical or statistical analysis.

[0054] In one or more embodiments, a one-dimensional (1D) SPH formulation of a cost

function may be expressed using Equation (5):
SPH =2« m;/p;pj » wg * (T; = T}) /1 ®)

where i and j represent different fluid particles, m; is the mass of particle j, wg is the gradient of a
weighting function (e.g., based on a cubic spline), r; is the distance between particles i and j, 7T'is
the temperature, and parameters p; and p; are the densities of the respective particles i and j.
[0055] FIG. 8 is a flowchart of an illustrative process 800 for simulating flow of injected
fluids for a downhole operation within a reservoir formation based on a hybrid simulation model
including coupled physics-based and machine leaming models. The downhole operation may be,
for example, a multistage stimulation treatment, as described above. However, it should be
appreciated that embodiments of the present disclosure are not intended to be limited thereto.
While process 800 will be described with reference to well system 100 of FIG. 1, as described
above, it should be appreciated that process 800 is not intended to be limited thereto.

[0056] Process 800 begins in block 802, which includes obtaining downhole
measurements of an operating variable at one or more locations within the formation during a
current stage of a downhole operation (e.g., a multistage stimulation treatment, as described
above) being performed along a wellbore (e.g., wellbore 102 of FIG. 1 as described above)
drilled within the formation. The measurements may be obtained from a downhole tool (e.g.,
one or more sensors within injection tools 116 of FIG. 1, as described above) disposed in the

wellbore.
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[0057] In block 804, the obtained measurements may be applied as inputs to a hybrid
model of the formation. The hybrid model may include physics-based and machine learning
models that are coupled together within a simulation grid, as described above.

[0058] Process 800 then proceeds to block 806, which includes simulating fluid flow
within the formation, based on the inputs applied to the hybrid model.

[0059] In block 808, a response of the operating variable is estimated for a subsequent
stage of the downhole operation to be performed along the wellbore, based on the simulation.
[0060] In block 810, flow control parameters are determined for the subsequent stage of
the downhole operation, based on the estimated response.

[0061] The subsequent stage of the downhole operation is performed in block 812
according to the determined flow control parameters.

[0062] In block 814, an actual response of the operating variable is monitored, based on
additional measurements obtained from the downhole tool as the subsequent stage of the
downhole operation is performed along the wellbore.

[0063] Upon determining in block 816 that a difference between the actual response and
the estimated response exceeds an error tolerance threshold, process 800 proceeds to block 818,
which includes updating the hybrid model based on the difference and thereafter, returning to
block 806 to simulate fluid flow for another stage of the downhole operation using the updated
hybrid model. Otherwise, process 800 returns directly to block 806 to simulate fluid flow using
the original hybrid model.

[0064] FIG. 9 is a block diagram of an illustrative computer system 900 in which
embodiments of the present disclosure may be implemented. For example, process 800 of FIG. 8
and the functions performed by injection subsystem 111 of FIG. 1 and system 200 (including
well monitor 210) of FIG. 2, as described above, may be implemented using system 900. System
900 can be a computer, phone, PDA, or any other type of electronic device. Such an electronic
device includes various types of computer readable media and interfaces for various other types
of computer readable media. As shown in FIG. 9, system 900 includes a permanent storage
device 902, a system memory 904, an output device interface 906, a system communications bus
908, a read-only memory (ROM) 910, processing unit(s) 912, an input device interface 914, and
a network interface 916.
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[0065] Bus 908 collectively represents all system, peripheral, and chipset buses that
communicatively connect the numerous internal devices of system 900. For instance, bus 908
communicatively connects processing unit(s) 912 with ROM 910, system memory 904, and
permanent storage device 902.

[0066] From these various memory units, processing unit(s) 912 retrieves instructions to
execute and data to process in order to execute the processes of the subject disclosure. The
processing unit(s) can be a single processor or a multi-core processor in different
implementations.

[0067] ROM 910 stores static data and instructions that are needed by processing unit(s)
912 and other modules of system 900. Permanent storage device 902, on the other hand, is a
read-and-write memory device. This device is a non-volatile memory unit that stores
instructions and data even when system 900 is powered off. Some implementations of the
subject disclosure use a mass-storage device (such as a magnetic or optical disk and its
corresponding disk drive) as permanent storage device 902.

[0068] Other implementations use a removable storage device (such as a floppy disk,
flash drive, and its corresponding disk drive) as permanent storage device 902. Like permanent
storage device 902, system memory 904 is a read-and-write memory device. However, unlike
storage device 902, system memory 904 is a volatile read-and-write memory, such a random
access memory. System memory 904 stores some of the instructions and data that the processor
needs at runtime. In some implementations, the processes of the subject disclosure are stored in
system memory 904, permanent storage device 902, and/or ROM 910. For example, the various
memory units include instructions for computer aided pipe string design based on existing string
designs in accordance with some implementations. From these various memory units,
processing unit(s) 912 retrieves instructions to execute and data to process in order to execute the
processes of some implementations.

[0069] Bus 908 also connects to respective input and output device interfaces 914 and
906. Input device interface 914 enables the user to communicate information and select
commands to the system 900. Input devices used with input device interface 914 include, for
example, alphanumeric, QWERTY, or T9 keyboards, microphones, and pointing devices (also
called “cursor control devices”). Output device interfaces 906 enables, for example, the display

of images generated by the system 900. Output devices used with output device interface 906
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include, for example, printers and display devices, such as cathode ray tubes (CRT) or liquid
crystal displays (LCD). Some implementations include devices such as a touchscreen that
functions as both input and output devices. It should be appreciated that embodiments of the
present disclosure may be implemented using a computer including any of various types of input
and output devices for enabling interaction with a user. Such interaction may include feedback
to or from the user in different forms of sensory feedback including, but not limited to, visual
feedback, auditory feedback, or tactile feedback. Further, input from the user can be received in
any form including, but not limited to, acoustic, speech, or tactile input. Additionally, interaction
with the user may include transmitting and receiving different types of information, e.g., in the
form of documents, to and from the user via the above-described interfaces.

[0070] Also, as shown in FIG. 9, bus 908 also couples system 900 to a public or private
network (not shown) or combination of networks through a network interface 916. Such a
network may include, for example, a local area network (“LAN”), such as an Intranet, or a wide
area network (“WAN?”), such as the Internet. Any or all components of system 900 can be used
in conjunction with the subject disclosure.

[0071] These functions described above can be implemented in digital electronic
circuitry, in computer software, firmware or hardware. The techniques can be implemented
using one or more computer program products. Programmable processors and computers can be
included in or packaged as mobile devices. The processes and logic flows can be performed by
one or more programmable processors and by one or more programmable logic circuitry.
General and special purpose computing devices and storage devices can be interconnected
through communication networks.

[0072] Some implementations include electronic components, such as microprocessors,
storage and memory that store computer program instructions in a machine-readable or
computer-readable medium (alternatively referred to as computer-readable storage media,
machine-readable media, or machine-readable storage media). Some examples of such
computer-readable media include RAM, ROM, read-only compact discs (CD-ROM), recordable
compact discs (CD-R), rewritable compact discs (CD-RW), read-only digital versatile discs (e.g.,
DVD-ROM, dual-layer DVD-ROM), a variety of recordable/rewritable DVDs (e.g., DVD-RAM,
DVD-RW, DVD+RW, etc.), flash memory (e.g., SD cards, mini-SD cards, micro-SD cards, etc.),

magnetic and/or solid state hard drives, read-only and recordable Blu-Ray® discs, ultra density
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optical discs, any other optical or magnetic media, and floppy disks. The computer-readable
media can store a computer program that is executable by at least one processing unit and
includes sets of instructions for performing various operations. Examples of computer programs
or computer code include machine code, such as is produced by a compiler, and files including
higher-level code that are executed by a computer, an electronic component, or a microprocessor
using an interpreter.

[0073] While the above discussion primarily refers to microprocessor or multi-core
processors that execute software, some implementations are performed by one or more integrated
circuits, such as application specific integrated circuits (ASICs) or field programmable gate
arrays (FPGAs). In some implementations, such integrated circuits execute instructions that are
stored on the circuit itself. Accordingly, process 800 of FIG. 8§ and the functions or operations
performed by injection subsystem 111 of FIG. 1 and system 200 of FIG. 2, as described above,
may be implemented using system 900 or any computer system having processing circuitry or a
computer program product including instructions stored therein, which, when executed by at
least one processor, causes the processor to perform functions relating to these methods.

[0074] As used in this specification and any claims of this application, the terms
“computer”, “server”, “processor”, and “memory” all refer to electronic or other technological
devices. These terms exclude people or groups of people. As used herein, the terms “computer
readable medium” and “computer readable media” refer generally to tangible, physical, and non-
transitory electronic storage mediums that store information in a form that is readable by a
computer.

[0075] Embodiments of the subject matter described in this specification can be
implemented in a computing system that includes a back end component, e.g., as a data server, or
that includes a middleware component, e.g., an application server, or that includes a front end
component, e.g., a client computer having a graphical user interface or a Web browser through
which a user can interact with an implementation of the subject matter described in this
specification, or any combination of one or more such back end, middleware, or front end
components. The components of the system can be interconnected by any form or medium of
digital data communication, e.g., a communication network. = Examples of communication
networks include a local area network (“LAN”) and a wide area network (“WAN”), an inter-
network (e.g., the Internet), and peer-to-peer networks (e.g., ad hoc peer-to-peer networks).
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[0076] The computing system can include clients and servers. A client and server are
generally remote from each other and typically interact through a communication network. The
relationship of client and server arises by virtue of computer programs running on the respective
computers and having a client-server relationship to each other. In some embodiments, a server
transmits data (e.g., a web page) to a client device (e.g., for purposes of displaying data to and
receiving user input from a user interacting with the client device). Data generated at the client
device (e.g., a result of the user interaction) can be received from the client device at the server.
[0077] It is understood that any specific order or hierarchy of steps in the processes
disclosed is an illustration of exemplary approaches. Based upon design preferences, it is
understood that the specific order or hierarchy of steps in the processes may be rearranged, or
that all illustrated steps be performed. Some of the steps may be performed simultaneously. For
example, in certain circumstances, multitasking and parallel processing may be advantageous.
Moreover, the separation of various system components in the embodiments described above
should not be understood as requiring such separation in all embodiments, and it should be
understood that the described program components and systems can generally be integrated
together in a single software product or packaged into multiple software products.

[0078] Furthermore, the exemplary methodologies described herein may be implemented
by a system including processing circuitry or a computer program product including instructions
which, when executed by at least one processor, causes the processor to perform any of the
methodology described herein.

[0079] Embodiments of the present disclosure are particularly useful for simulating fluid
flow during downhole operations using hybrid formation models including coupled physics-
based and machine learning models. As described above, a computer-implemented method of
simulating fluid flow during downhole operations may include: obtaining, by a computer system
from a downhole tool disposed in a wellbore within a formation, measurements of an operating
variable at one or more locations within the formation during a current stage of a downhole
operation being performed along the wellbore; applying the obtained measurements as inputs to
a hybrid model of the formation, the hybrid model including physics-based and machine leaming
models that are coupled together within a simulation grid; simulating fluid flow within the
formation, based on the inputs applied to the hybrid model; estimating a response of the

operating variable for a subsequent stage of the downhole operation to be performed along the
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wellbore, based on the simulation; determining flow control parameters for the subsequent stage
of the downhole operation to be performed, based on the estimated response; and performing the
subsequent stage of the downhole operation according to the determined flow control
parameters.

[0080] Also, a computer-readable storage medium with instructions stored therein has
been described, where the instructions when executed by a computer cause the computer to
perform a plurality of functions, including functions to: obtain, from a downhole tool disposed in
a wellbore within a formation, measurements of an operating variable at one or more locations
within the formation during a current stage of a downhole operation being performed along the
wellbore; apply the obtained measurements as inputs to a hybrid model of the formation, the
hybrid model including physics-based and machine learning models that are coupled together
within a simulation grid; simulate fluid flow within the formation, based on the inputs applied to
the hybrid model; estimate a response of the operating variable for a subsequent stage of the
downhole operation to be performed along the wellbore, based on the simulation; determine flow
control parameters for the subsequent stage of the downhole operation to be performed, based on
the estimated response; and perform the subsequent stage of the downhole operation according to
the determined flow control parameters.

[0081] In one or more embodiments of the foregoing method or computer-readable
storage medium, the downhole operation may be a stimulation treatment, and applying the
obtained measurements may comprise: determining whether the one or more locations at which
the measurements were obtained correspond to a fracture within the formation; when it is
determined that the one or more locations correspond to a fracture within the formation,
designating one or more of the plurality of cells corresponding to the one or more locations
within the simulation grid as a fractured region of the hybrid model and assigning at least one of
a physics-based model or a machine learning model to the fractured region within the simulation
grid; and when it is determined that the one or more locations do not correspond to a fracture
within the formation, designating one or more of the plurality of cells corresponding to the one
or more locations within the simulation grid as a non-fractured region of the hybrid model. Also,
for the foregoing embodiments, the physics-based model may be at least one of a finite

difference (FD) model or a smoothed particle hydrodynamics (SPH) model, the machine learning
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model may be a neural network, the neural network may be at least one of a recurrent deep
neural network (DNN) or a long short-term memory (LSTM) deep neural network.

[0082] Further, such embodiments may include any one of the following functions,
operations or elements, alone or in combination with each other: monitoring an actual response
of the operating variable, based on additional measurements obtained from the downhole tool as
the subsequent stage of the downhole operation is performed along the wellbore, and upon
determining that a difference between the actual response and the estimated response exceeds an
error tolerance threshold, updating the hybrid model based on the difference; applying the
obtained measurements to the hybrid model by training the neural network to estimate the
response of the one or more operating variables to fluid injection, based on a portion of the
measurements obtained during the current stage of the stimulation treatment and a cost function
associated with each of the one or more operating variables, determining an actual response of
the one or more operating variables, based on additional measurements obtained during the
subsequent stage of the stimulation treatment along the wellbore, determining whether a
difference between the actual response and the estimated response exceeds an error tolerance
threshold, and retraining the neural network using the additional measurements when the
difference is determined to exceed the error tolerance threshold; retraining the neural network by
applying Bayesian optimization to retrain the neural network over a plurality of iterations until a
predetermined convergence criterion is met; and determining boundary conditions for an
interface between the fractured and non-fractured regions of the hybrid model, wherein the fluid
flow is simulated for the subsequent stage of the downhole operation, based on the determined
boundary conditions.

[0083] Furthermore, a system has been described, which includes a processor and a
memory coupled to the processor that has instructions stored therein, which, when executed by
the processor, cause the processor to perform a plurality of functions, including functions to:
obtain, from a downhole tool disposed in a wellbore within a formation, measurements of an
operating variable at one or more locations within the formation during a current stage of a
downhole operation being performed along the wellbore; apply the obtained measurements as
inputs to a hybrid model of the formation, the hybrid model including physics-based and
machine learning models that are coupled together within a simulation grid; simulate fluid flow

within the formation, based on the inputs applied to the hybrid model; estimate a response of the
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operating variable for a subsequent stage of the downhole operation to be performed along the
wellbore, based on the simulation; determine flow control parameters for the subsequent stage of
the downhole operation to be performed, based on the estimated response; and perform the
subsequent stage of the downhole operation according to the determined flow control
parameters.

[0084] In one or more embodiments of the foregoing system, the downhole operation
may be a stimulation treatment, and applying the obtained measurements may comprise:
determining whether the one or more locations at which the measurements were obtained
correspond to a fracture within the formation; when it is determined that the one or more
locations correspond to a fracture within the formation, designating one or more of the plurality
of cells corresponding to the one or more locations within the simulation grid as a fractured
region of the hybrid model and assigning at least one of a physics-based model or a machine
learning model to the fractured region within the simulation grid; and when it is determined that
the one or more locations do not correspond to a fracture within the formation, designating one
or more of the plurality of cells corresponding to the one or more locations within the simulation
grid as a non-fractured region of the hybrid model. Also, for the foregoing embodiments, the
physics-based model may be at least one of a finite difference (FD) model or a smoothed particle
hydrodynamics (SPH) model, the machine learning model may be a neural network, the neural
network may be at least one of a recurrent deep neural network (DNN) or a long short-term
memory (LSTM) deep neural network.

[0085] Further, such embodiments of the system may include any one of the following
functions, operations or elements, alone or in combination with each other: monitoring an actual
response of the operating variable, based on additional measurements obtained from the
downhole tool as the subsequent stage of the downhole operation is performed along the
wellbore, and upon determining that a difference between the actual response and the estimated
response exceeds an error tolerance threshold, updating the hybrid model based on the
difference; applying the obtained measurements to the hybrid model by training the neural
network to estimate the response of the one or more operating variables to fluid injection, based
on a portion of the measurements obtained during the current stage of the stimulation treatment
and a cost function associated with each of the one or more operating variables, determining an

actual response of the one or more operating variables, based on additional measurements
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obtained during the subsequent stage of the stimulation treatment along the wellbore,
determining whether a difference between the actual response and the estimated response
exceeds an error tolerance threshold, and retraining the neural network using the additional
measurements when the difference is determined to exceed the error tolerance threshold;
retraining the neural network by applying Bayesian optimization to retrain the neural network
over a plurality of iterations until a predetermined convergence criterion is met; and determining
boundary conditions for an interface between the fractured and non-fractured regions of the
hybrid model, wherein the fluid flow is simulated for the subsequent stage of the downhole
operation, based on the determined boundary conditions.

[0086] While specific details about the above embodiments have been described, the
above hardware and software descriptions are intended merely as example embodiments and are
not intended to limit the structure or implementation of the disclosed embodiments. For
instance, although many other internal components of the system 900 are not shown, those of
ordinary skill in the art will appreciate that such components and their interconnection are well
known.

[0087] In addition, certain aspects of the disclosed embodiments, as outlined above, may
be embodied in software that is executed using one or more processing units/components.
Program aspects of the technology may be thought of as “products” or “articles of manufacture”
typically in the form of executable code and/or associated data that is carried on or embodied in a
type of machine readable medium. Tangible non-transitory “storage” type media include any or
all of the memory or other storage for the computers, processors or the like, or associated
modules thereof, such as various semiconductor memories, tape drives, disk drives, optical or
magnetic disks, and the like, which may provide storage at any time for the software
programming.

[0088] Additionally, the flowchart and block diagrams in the figures illustrate the
architecture, functionality, and operation of possible implementations of systems, methods and
computer program products according to various embodiments of the present disclosure. 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
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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.

[0089] The above specific example embodiments are not intended to limit the scope of
the claims. The example embodiments may be modified by including, excluding, or combining
one or more features or functions described in the disclosure.

[0090] 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 “comprise” and/or “comprising,” when used in this specification and/or the claims,
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. The corresponding structures,
materials, acts, and equivalents of all means or step plus function elements in the claims below
are intended to include any structure, material, or act for 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 explanation but is not intended to be
exhaustive or limited to the embodiments 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 illustrative embodiments described herein are provided to
explain the principles of the disclosure and the practical application thereof, and to enable others
of ordinary skill in the art to understand that the disclosed embodiments may be modified as
desired for a particular implementation or use. The scope of the claims is intended to broadly

cover the disclosed embodiments and any such modification.

28

Date Recue/Date Received 2022-06-27



i

io

fay
W

25

CA 03105711 2021-01-05

WO 2020/040829 PCT/US2019/030059

CLAIMS

WHAT IS CLAIMED I5:

L. A computer-implemented method of simulating fluid flow during downhole
operations, the method comprising;

obtaining, by a computer system from a downhole tool disposed in a wellbore within a
formation, measurements of an operating variable at one or more locations within the formation
during a current stage of a downhole operation being performed along the wellbore,

applying the obtained measurements as inputs to a hybrid model of the formation, the
hybrid model including physics-based and machine learning models that are coupled together
within a simulation gnid;

simulating fluid flow within the formation, based on the mputs applied to the hybnd
model;

estimating a response of the operating varable for a subsequent stage of the downhole
operation to be performed along the wellbore, based on the simulation;

determining flow control parameters for the subsequent stage of the downhole operation
to be performed, based on the estimated response; and

performing the subsequent stage of the downhole operation according to the determined

flow control parameters.

2. The method of claim 1, further comprising:

monitoring an actual response of the operating variable, based on additional
measurements obtained from the downhole tool as the subsequent stage of the downhole
operation is performed along the wellbore; and

upon determining that a difference between the actual response and the estimated
response exceeds an error tolerance threshold, updating the hybrid model based on the

difference.
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3. The method of claim 1, wherein the downhole operation is a stimulation
treatment, and applying the obtained measurements comprises:
determining whether the one or more locations at which the measurements were obtained
correspond to a fracture within the formation;
when 1t 1s determined that the one or more locations correspond to a fracture within the
formation:
designating one or more of a plurality of cells corresponding to the one or more
locations within the simulation grid as a fractured region of the hybrid model; and
assigning at least one of a physics-based model or a machine learming model to
the fractured region within the simulation grid; and
when 1t 1s determined that the one or more locations do not correspond to a fracture
within the formation, designating one or more of the phurality of cells corresponding to the one

or more locations within the simulation grid as a non-fractured region of the hybrid model.

4, The method of claim 3, wherein the physics-based model is at least one of a fintie

difference (FD3) model or a smoothed particle hydrodynamics (SPH) model.

5. The method of claim 3, wherein the machine learning model 15 a neural network.

6. The method of claim 5, wherein the neural network is at least one of a recurrent

deep neural network (DNN) or a long short-term memory {LSTM) deep neural network.

7. The method of claim 5, wherein applying the obtained measurements to the
hybrid model comprises:

training the neural network to estimate the response of the one or more operating
variables to fluid injection, based on a portion of the measurements obtained during the current
stage of the stimulation treatment and a cost function associated with each of the one or more

operating variables;
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determining an actual response of the one or more operating variables, based on
additional measurements obtained during the subsequent stage of the stimulation treatment along
the wellbore;

determining whether a difference between the actual response and the estimated response
exceeds an error tolerance threshold; and

when the difference 1s determined to exceed the error tolerance threshold, retraining the

neural network using the additional measurements.

8. The method of claim 7, wherem the retraining comprises:
applying Bayesian optimization to retrain the neural network over a plurality of iterations

until a predetermuned convergence criterion is met.

9, The method of claim 7, further comprising:

determining boundary conditions for an interface between the fractured and non-fractured
regions of the hybrid model,

wherein the fluid flow is simulated for the subsequent stage of the downhole operation,

based on the determined boundary conditions.

10G. A system comprising:

a processor; and

a memory coupled to the processor, the memory having instructions stored therein,
which, when executed by the processor, cause the processor to perform a plurality of functions,
mcluding functions to:

obtain, from a downhole tool disposed in a wellbore within a formation, measurements of
an operating variable at one or more locations within the formation during a current stage of a
downhole operation being performed along the wellbore;

apply the obtained measurements as inputs to a hybrid model of the formation, the hybrid
model including physics-based and machine learning models that are coupled together within a
simulation grid;

simulate fluid flow within the formation, based on the inputs applied to the hybrid model;
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estimate a response of the operating variable for a subsequent stage of the downhole
operation to be performed along the wellbore, based on the simulation;

determine flow control parameters for the subsequent stage of the downhole operation to
be performed, based on the estimated response; and

perform the subsequent stage of the downhole operation according to the determined flow

control parameters.

[ The system of claim 10, wherein the functions performed by the processor further
melude functions to:

monitor an actual response of the operating vanable, based on additional measurements
obtained from the downhole tool as the subsequent stage of the downhole operation 1s performed
along the wellbore;

determine whether a difference between the actual response and the estimated response
exceeds an error tolerance threshold; and

when a difference between the actual response and the estimated response 13 determined

to exceed the error tolerance threshold, update the hybrid model based on the difference.

12. The system of claim 10, wherein the downhole operation is a stimulation
treatment, and the functions performed by the processor further include functions to:
determine whether the one or more locations at which the measurements were obtained
correspond to a fracture within the formation;
when 1t 15 determined that the one or more locations correspond to a fracture within the
formation:
designate one or more of the plurality of cells corresponding to the one or more
locations within the simulation grid as a fractured region of the hybrid model; and
assign at least one of a physics-based model or a machine learning model to the
fractured region within the simulation grid; and
when it is determined that the one or more locations do not correspond to a fracture
within the formation, designate one or more of the plurality of cells corresponding to the one or

more locations within the simulation grid as a non-fractured region of the hvbrid model.
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13. The system of claim 12, wherein the physics-based model 1s at least one of a finite

difference (FD) model or a smoothed particle hydrodynamics (SPH) model.

14 The system of claim 12, wherein the machine learning model 1s a neural network.
1S, The system of claim 14, wherein the neural network is at least one of a recurrent

deep neural network (DNN) or a long short-term memory (LSTM) deep neural network.

16. The systemn of claim 14, wherein the functions performed by the processor further
mclude functions to:

train the neural network to estimate the response of the one or more operating variables to
flurd injection, based on a portion of the measurements obtained during the current stage of the
stimulation treatment and a cost function associated with each of the one or more operating
variables;

determine an actual response of the one or more operating variables, based on additional
measurements obtained during the subsequent stage of the stimulation treatment along the
wellbore;

determine whether a difference between the actual response and the estimated response
exceeds an error tolerance threshold; and

when the difference 1s determined to exceed the error tolerance threshold, reirain the

neural network using the additional measurements.

17. The system of claim 16, wherein the functions performed by the processor further
mnclude functions to:
apply Bayesian optimization to retramn the neural network over a plurality of iterations

until a predetermined convergence criterion is met.

18 The system of claim 16, wherein the functions performed by the processor further

mclude funchions to:
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determine boundary conditions for an interface between the fractured and non-fractured
regions of the hybrid model,
wherein the fluid flow s simulated for the subsequent stage of the downhole operation,

based on the determined boundary conditions.

19, A non-transitory computer-readable storage medium having instructions stored
therein, which, when executed by a computer, cause the computer to perform a plurality of
functions, including functions to:

obtain, from a downhole tool disposed in a welibore within a formation, measurements of
an operating variable at one or more locations within the formation during a current stage of a
downhole operation being performed along the wellbore;

apply the obtaimed measurements as mputs to a hybrid model of the formation, the hybrid
model including physics-based and maching learning models that are coupled together within a
simulation grid;

simulate fluid flow within the formation, based on the mputs applied to the hybrid model;

estimate a response of the operating varnable for a subsequent stage of the downhole
operation to be performed along the wellbore, based on the simulation;

determine flow control parameters for the subsequent stage of the downhole operation to
be performed, based on the estimated response; and

perform the subsequent stage of the downhole operation according to the determined flow

control parameters.

20. The non-transitory computer-readable storage medium of claim 19, wherein the
functions performed by the computer further include functions to:

monitor an actual response of the operating variable, based on additional measurements
obtained from the downhole tool as the subsequent stage of the downhole operation is performed
along the wellbore;

determine whether a difference between the actual response and the estimated response

exceeds an error tolerance threshold; and
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when a difference between the actual response and the estimated response 15 determined

to exceed the error tolerance threshold, update the hybrid model based on the difference.
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