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Using production data and a production flow
record based on the production data, a deep
neural network (DNN) is trained to model a
proxy flow simulation of a reservoir. The proxy
flow simulation of the reservoir is performed,
using an ensemble Kalman filter (EnKF), based
on the trained DNN. The EnKF assimilates new
data through updating a current ensemble to
obtain history matching by minimizing a
difference between a predicted production
output from the proxy flow simulation and
measured production data from a field. Using
the updated current ensemble, a second proxy
flow simulation of the reservoir is performed
based on the trained DNN. The assimilating and
the performing are repeated while new data is
available for assimilating. Predicted behavior of
the reservoir is determined based on the proxy
flow simulation of the reservoir. An indication of
the predicted behavior is provided to facilitate
production of fluids from the reservoir.
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PETROLEUM RESERVOIR BEHAVIOR PREDICTION USING A PROXY FLOW
MODEL
TECHNICAL FIELD
18081 ] The present description generally relates o predictling a given peiroleum reservoir’s
production, including predicting a given petroleum reservoir’s production using, for example,

machine learning techniques,

BACKGROUND
{8002} Reservoir simulation is an ares of reservoir engineering which employs computer
maodeis {0 predict the flow of fluids, such as petroleum, water, and gas, within a reservoir.
Reservoir simulators are used by petroleum producers, for example, in determining how best to
develop new fields, as well as in generating production forecasts for developed fields on which

investment decisions are based,

BRIEF DESCRIPTION OF THE DRAWINGS
{6683] FIG. 1 iHustrates an example of a production well suitable for hydrocarbon
production and exploration from a subsurface reservorr in accordance with some

implementations.

{3804} FiG. 2 conceptually illustrates an example flowchart of a process of predicting future
reservoir behavior using an ensemble Kalman filter in conjunction with a deep neural network in

accordance with some implementations,

LAY F1G. 3 illustrates a plot of an example of a comparison of the predicted cumulative otl
production o the actual production data using multi-layer nevral network in accordance with

some implementations,

18086} FIG. 4 illustrates an exemplary drilling assembly for implementing the processes

described herein in accordance with some implementations.

{60871 FIG. 5 illustrates a wireline sysiem suiiable for implementing the processes desceribed

herein in sccordance with some implementations.
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100881 FIG. 6 illustrates a schematic diagram of a set of general compoenents of an example

computing device in accordance with some implementations.

60891 FIG. 7 illustrates a schematic diagram of an example of an environment for

implementing aspects in accordance with some implementations.

{8018} In one or more implementations, not all of the depicted components in each figure
may be required, and one or more implementations may include additional components not
shown in a figure. Variations in the arrangement and type of the components may be made
without departing from the scope of the subject disclosure. Additional components, different

components, or fewer components may be utilized within the scope of the subject disclosure.

DETAILED DESCRIPTION
16611} The detailed description set forth below is intended as a description of various
implementations and is not intended to represent the only implementations in which the subject
technology may be practiced. As those skilled in the art would realize, the described
implementations may be modified in various different ways, all without departing from the scope
of the present disclosure. Accordingly, the drawings and description are to be regarded as

illustrative in nature and not resirictive.

{6012} Data assimilation techniques may be utilized in petrolenm engineering where such
techniques are also referred to as “history matching,” which may involve combining
observations with “prior knowledge” {e.g., mathematical representations of mechanistic
relationships, numerical models, model cutput) to obtain an estimate of the state of a system and
the uncertainty of that estimate. In an example, data assimilation technigques may be utilized for
determining an uncerfainty estimate of a prediction of production of wells in petroleum
reservoirs and for generating computational models for optimizing decision parameters that may

improve oil production,

{8013} An ensemble Kalman filker (EnKF) may refer to an effective data assimilation
technique, such as for history matching of a petrolenm reserveir’s production. In an example,
the EnKF is able to update both static and dynamic reservoir properties, such as petrophysical

properties and oil extraction flow rates, by assimilating data of different kinds coming from

| 251
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various sources. EnKF techniques may be apphied on a number of realizations of a petroleum
reservoir to update the model during a data assimilation stage and to characterize uncertainty
associated with the model. As used herein, a realization refers a set of values for properties at
gach location within a model of a petroleum reservoir, e.g., corresponding to a volume of
interest, The forecast step of EnKF reguires performing a flow simulation run for each model
realization from cusrent time step to the future time step, such as by using a full physics flow
simulator. In an example, the computing time for the flow simulation is usually very high due to
the complexity of the petrolewm reservoir model to simulate, and the relatively large number of
the realizations (e.g., several hundreds) that may be required o be processed as part of the
simulation, to ensure a proper relationship between the model parameters for an optimal EnKF
update operation. In practice, it therefore may not be feasible to perform so many respective
iterations of a flow simulation {e.g., for each number of realizations) with a full physics flow
simulator. Although, implementations of the subject technology described herein relate to using
the EnKF, it is appreciated that any stochastic statistical technigue may be witlized instead of the

EnKF and siill be within the scope of the subject technology.

{B8014] Implementations of the subject technology enable substituting the execution of a full
physics flow simulator with a proxy model based on machine learning technigues related to a
deep newral network (ONN3. A deep neural network may be referred 1o as a network becaunse it
can be represented by connecting together different functions. For example, a model of the DNN
may be represented as a graph representing how the functions are connected together from an
input layer, through one or more hidden layers, and finally to an output layer, and each layer may

have one or more nodes,

LERY In an example, the DNN of the subject technology generates dynamic property(s) of a
petroleum reservoir medel calibrated to the input static parameters of the flow simulator, e.g.
permeability field, with low computational requirements. This relationship between static and
dynamic parameters allows history matching of production data by tuning static parameters of

the reservoir model, such as petrophysical properties,

0016} Although a DNN 1s discussed for the purposes of explanation, it is appreciated that

other machine learning techniques can be utilized as well. Further, it is appreciated that other
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types of neural networks may be utilized by the subject technology. For example, a
convolutional neural network, regulatory feedback network, radial basis function network,
recurrent neural network, modular neural network, instantaneously trained neursl network,
spiking neural network, regulatory feedback network, dynamic neural network, neuro-fuzzy
network, compositional pattern-producing network, memory network, and/or any other

appropriate type of neural network may be utilized.

{8617} Implementations of the subject technology provide a tool for petroleum reservoir
engineers and reservoir managers to guickly and accurately predict future reservoir performance
along with associated uncertainty and, therefore, to optimize hydrocarbon production in g timely
manner. The reservoir performance prediction could be based on any relevant measured data
including, but not Hmited to, historical production well data (o1l and gas preduction rate, water
production and injection rate, bottomhole pressure), core samples, well logs, large scale seismic,
electromagnetic, and gravimetric surveys conducted repeatedly in the same area over the time,
The data assimilation, model update, and prediction of future reservoir performance are executed

automatically by the EnKF technigues described herein.

{0018} In an example scenario, performing history matching based on a flow simulation of 8
reservolr model using an existing tool {e.g., one that does not utilize techniques related to EnkKF
and/or machine learning), executing such a flow simulation may take a longer amount of time.
The history matching and reservoir model provided by the EnKF and/or machine learning
technigues described herein facilitate improving the production of fluids from a production well
of a reservoir, facilitate a determination of whether to perform a drilling operation with respect to
the reservoir and/or other operations related to the reservoir {e.g., injection of fluids), The
subject technology improves the parameters of an original reservoir model to provide an
improved representation of the reservoir model, which may be executed for future time periods
to predict future production for the reservoir, either with current operating conditions or with
different operating parameters 1o improve the operation of the reservoir. Additionally, the
utilization of EnKF and machine learning techniques for performing history matching potentially

decreases an amount of time and/or computational resources for performing history matching.
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{0019] In an implementation, the proxy model may be based in part on production system
data including various measurements collected downhole from a well drilled within a reservoir,
e.g., in the form of a production well for an oil and gas reserveoir. Further, multiple production
wells may be drilled for providing access to the reservoir fluids underground. Measured well
data may be collected regularly from each production well to track changing conditions in the
reservoir, as will be described in further detail below with respect to a production well example

as illusirated in FIG. 1.

10024] Petroleum reservoirs are typically geologically complex and large in size. In order to
facilitate making decisions that maximize oil recovery, reservoir models are generated using
many details based on different data. In an example, two types of data that are commonly used
in reservoir modeling are geologic data and production data. Geologic data, such as seismic and
wireline logs, describe earth properties (e.g., porosity) of the reservoir. For comparison,
production data (e.g., water saturation and pressure information) relates to the fluid flow
dynamics of the reservoir. Both data types therefore may be considered so that the resulting
models are more accurate. Based on these models, managers and other personnel can make
business decisions that atterapt to maximize economic profits and/or minimize operational risks

for a given reservoir,

{8021} FIG. 1 is a diagram of an exemplary production well 100 with a borehole 102 that has
been drilled into a reservoir formation. Borehole 102 may be drilled to any depth and in any
direction within the formation. For example, borehole 102 may be drilled to ten thousand feet or
more in depth and further, may be steered horizontally for any distance through the formation, as
desired for a particular implementation. The production well 100 also includes a casing header
104 and a casing 106, both secured into place by cement 103, A blowout preventer 108 couples
to casing header 104 and a production wellhead 110, which together seal in the well head and

enable fluids to be extracted from the well in a safe and controlled manner.

{8022} Measured well data corresponding to the aforementioned geologic and/or production
data may be periodically sampled and collected from the production well 100 and combined with
measurements from other wells within a reservoir, enabling the overall state of the reservoir to be

monitored and assessed. Such measurements may be taken using a number of different
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downhole and surface instruments, including but not limited to, a temperature and pressure
sensor 118 and a flow meter 120, Additional devices may also be coupled in-line to a production
tubing 112 including, for example, a downhole choke 116 (e.g., for varying a level of fluid flow
restriction), an electric submersible pump (E8P) 122 {e.g., for drawing in fluid flowing from
perforations 125 outside ESP 122 and production tubing 112}, an ESP motor 124 (e.g., for
driving ESP 122}, and a packer 114 {e.g., for isolating the production zone below the packer
from the rest of well 100). Additional surface measurement devices may be used to measure, for

example, the tubing head pressure and the electrical power consumption of ESP motor 124,

16023] Although various example components of the production well 100 are discussed
above, it 1s appreciated that operations related to measuring well data may apply to other
components of the production well 100 than those discussed and/or shown in FIG. 1. For
example, measured well data may be provided from components such as a erown bloek and
water table, catline boom and hoist line, drilling line, monkeyboard, traveling block, mast,
doghouse, water tank, eleciric cable tray, engine generator sets, fuel tanks, electric control house,
bulk mud components storage, reserve pits, mud gas separator, shale shaker, choke manifold,
pipe ramp, pipe racks, accurmiator, and/or among other types of components of the production
well 100, In implementations described herein, well data may be provided by any of the

components described herein in connection with the production well 100

(B84} As shown in FIG. 1, the device along production tubing 112 couples o a cable 128,
which may be attached to an exterior portion of production tubing 112, Cable 128 may be used
primarily 1o provide power to the devices to which it couples. Cable 128 also may be used to
provide signal paths (e.g., electrical or optical paths), through which control signals may be
dirgcted from the surface (o the downhole devices as well as telemetry signals from the
downhole devices to the surface. The respective control and telemetry signals may be sent and
received by a control unit 132 at the swrface of the production well. Control unit 132 may be

coupled to cable 128 through blowout preventer 108,

{88158} In an implementation, field personnel may use control unit 132 to control and monitor
the downhole devices locally, e.g., via a user interface provided at a terminal or control panel

integrated with control unit 132, Additionally or aliernatively, the downhole devices may be

“ 6
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controlled and monitored by a remote processing system. Processing system may be used to
provide various supervisory control and data acquisition (SCADA) functionality for the
production wells associated with cach reservoir in a field. For example, a remote operator may
use processing sysiem to send appropriate commands for controlling wellsite operations to
control unit 132, Communication between control unit 132 and processing system may be via
one or more communication networks, €.g., in the form of a wireless network {e.g., a cellular
network), a wired network {e.g., a cabled connection to the Internet) or a combination of wireless

and wired networks.

8826} In one or more implementations, such a processing system may include a computing
device (e.g., a server) and a data storage device {e.g., a database). Such a computing device may
be implemented using any type of computing device having at least one processor, a memory and
a networking interface capable of sending and receiving data to and from control unit 132 via a
communication network, such as a processor 438 described in FIG, 4 and/or the computing

device 600 described in FIG. 6.

186271 In an implementation, control unit 132 may periodically send wellsite production data
vig a communication network to the processing system for processing and storage. Such wellsite
production data may include, for example, production systerm measurements from various
downhole devices, as described above. In some implementations, such production data may be
sent using a remote terminal unit (RTU) of control unit 132, In an implementation, data storage
device 144 may be used to store the production data received from control unit 132, Inan
example, data storage device 144 may be used {0 store historical production data including a
record of actual and simulated production system measurements obtained or caleulated over a
period of time, e.g., multiple simulation {ime-steps, as will be described in further detail below.
While the production well 100 is described in the context of a single reservotr, it should be noted
that the implementations disclosed herein are not limited thereto and that the disclosed
implementations may be applied to thad production frorm multiple reservoirs in a mulii-reservoir

production systen.

{0028} Though a computer simulation, the integration of production data into a reservoir

maodel may be performed. In an existing approach, multiple computer simulations are performed

e
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to identify reservoir models that generate fluid dynamics matching the historical production data,
which is also referred to as history matching. Due to the computational complexity and
significant duration {¢.g., several hours or days) of performing such computer simulations, in
some cases only a small number of computer simulations are performed and the results of history
matching resulis may be associated with an amount of uncertainty, which can also introduce
other uncertainty into future production forecasts of the reservoir that are performed.
Embodiments of the subject technology therefore, in an effort to improve reservoir planning and
development decisions, potentially provide improvements in the accuracy of such historical
matching resulis through using EaKF techniques in conjunction with a DNN machine learning

model.

{8429] In one or more implementations, there are two main improversents for the current
petroleum reservoir management process that are associated with the EnKF-based history
matching of the subject technology: (i) the history maiching of a petroleurn reservoir is
conducted avtomatically with EnKF bringing together all available relevant data, and (i1} the
application of DNN in an EnkF environment enables performing history matching more quickly,

given that the DNN model has been already trained on a separate training data set.

{8038] In this manner, implementations of the subject technology provide EnK¥-based
history matching technigues that utilize a proxy How simulator based on a DNN model thereby
enabling a quicker assimilation of data into the reservoir model and, as a result, providing an
improved prediction of the reservoir for future time periods. By using the improved prediction,
decisions by personnel regarding management of the reservoir can be made in a more timely
manner. A proxy flow simulator, as used herein, relates to a machine learming representation of
a full physics flow simulator for a given reservoir model. In an implementation, such a proxy
flow simulator behaves and functions similar to a {ull physics flow stmulator but utilizes a DNN
model that potentially yields improvements in reducing processing times and/or other

computational resources for running a flow simulation of the reservoir model.

60311 FIG. 2 conceptually illustrates an example flowchart of a process 200 of predicting
future reservolr behavior using an ensermble Kalman filter in conjunction with a deep neural

network in accordance with some implementations. Although this figure, as well as other
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process illustrations comtained in this disclosure may depict functional steps in a particular
sequence, the processes are not necessarily limited to the particular order or steps illustrated.

The various steps portrayed in this or other figures can be changed, rearranged, performed in
parallel or adapted in various ways. Furthermore, it is to be understood that certain steps or
sequences of steps can be added to or omitted from the process, withouwt departing from the scope
of the various implementations. The process 200 may be implemented by one or more
computing devices or systems in some implementations, such as a computing device 600

described in FIG. 8, andfor client device 702 or server 706 described in FIG. 7,

16032} At block 202, initial input data including production data and geologic data related to
a reservoir are received. In one or more implementations, production data may include, for
example, actual and/or simulated production system measurements, including in some instances
a production flow record corresponding to at least a rate of flow {e.g., oil, gas, and/or water)
during production of hydrocarbons at the reservoir and/or an amount of hydrocarbons that are
produced from the reservoir. Actual production system measurements may include, for example,
surface and downhole well measurements from various production wells in the multi-reservoir
system. Such measurements may include, but are not Himited to, pressure, temperature and {luid
flow measurements taken downhole near the well perforations, along the production string, at the
wellhead and within the gathering network prior to the point where the fluids mix with fhuds
from other reservoirs. The simulated measurements may include, for example and without
Himitation, estimates of pressure, temperature and fluid flow. Such estimates may be determined
based on, for example, simulation results from one or more previous time-steps corresponding to

prior periods of time.

{8033} In one or more implementations, geologic data may be determined from oil well
logging that collects information relating to properties of the earth formations traversed by a
welibore for petroleum drilling and production operations. For example, in ol well wireline
fogging, a probe or “sonde” is lowered into the borehole after some or all of the well has been
drified, and is used to determine certain properties of the formations traversed by the borehole.
In an example, geologic data corresponding {o various properties of the earth's formations are
measured and correlated with the position of the sonde in the borchele, as the sonde is pulled

uphele. These properties may be stored in one or more well logs in an example, Such well logs
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therefore provide geologic data corresponding to petrophysical properties, facies, and other
related geologic attributes along the trajectory of the wells. For example, a well log may include
geologic data corresponding to at least one petrophysical property (e.g., porosity, lithology,
water saturation, permeability, density, oil/water ratio, geochemical information, paleo data, etc.)

along the trajectory of a given well used for oil well drilling.

180634} In one or more implementations, a deep neural network (INN) model, corresponding
to a proxy flow simulation model, may be trained in the following way as described in the
following discussion of blocks 203 and 204. At block 203, an A number of full physics flow
simulations are run with various sets of input parameters {e.g., porosity, permeability, and/or a
production flow record) and corresponding outputs {e.g., oil production rate, gas production rate,
water production rate and/or bottormhoele pressure at each well as a function of input parameters
and time) are recorded. In an example, this number of full physics flow simulations may be
large enough to sample the space of uncertainty as accurately as possible. One hundred flow
simulation runs provides a minimal reasonable number in one example. These input and output
values are not part of the EnK¥ ensemble, which may be generated in later steps. Instead, this
set of a wide range of input parameters values and corresponding response values may be used as

a ‘library’ to train a DNN-based proxy flow simulation model.

{8635] In one or more implementations, relationships between the received geologic data and
the production data may be determined during training of the DNN. At block 204, the DNN
determines a nonlinear relationship between input parameters and model response by fitting a
mathematical model {0 a training set of the available flow simulation runs, which is a subset of
all runs (e.g., approximately 60% - 80%). The mathematical model may be represented by a set
of weights that are used to weigh nonlinear transform of input parameters as a weighted sum.
This weighted sum represents an estimate of the ouiput parameters from the flow simulation runs
that should match recorded target output parameters as closely as possible. The remaining set of
the flow simulation runs may be utilized for the testing and cross-validation of the trained DNN
model. Once the DNN model is deemed to adequately describe relationship between static and
dynamic parameters of the particular dynamic system in time, this DNN model is used for the
history matching with the EnKF, given that the production configurations do not change on the

field (e.g., the number of wells remains the same for future time steps, the production operation

- 10 -
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stays the same for these wells in future time steps, etc.). The resulting proxy flow simulation
model has a form shown in Equation (1} below. Here, the forecasted output parameters M can
be reported at some time step #,.;, and are represented as a function fof the updated output

parameters M™; at time step 4,, updated input parameters MY; and time component f,.
Mty = FOM ), MEALD) (1)

{0836] At block 205, based at least in part on the received initial input data, an initial ensemble
of input parameters is generated for the proxy flow simulation. In an example, the initial
ensemble includes an A number of realizations of the input parameters (e.g., petrophysical
properties) and may be generated using one or more geostatistical techniques such as sequential
Gaussian simulation (SGS) for continuous properties {e.g., porosity, permeability) and sequential
indicator simulation (SIS) {or categorical properties {e.g., lithological facies). The initial
ensemble of input parameters may include respective parameters corresponding to petrophysical
properties such as porosity and permeability. These initial parameters are treated as inputs to the
flow simulator. In an example, the values of the initial parameters are assumed fo not vary in
time, but are updated at each data assimilation step. Other examples of initial parameters may be
a relative permeability curve, PVT tables, geomechanical properties, ete. In an example,
geostatistical technigues enable interpolation of geologic data such that for geologic data
corresponding to one or more locations, the geostatistical techniques can provide an inferpolated

value of the geologic data at a different location.

18637} At block 206, the N number of realizations of input parameters are used for the proxy
flow simulation. In an example, the initial ensemble is used as an input to the DNN

corresponding to the proxy flow simulation model.

{8038} At block 208, an EnKF forecast operation is performed in which the proxy flow
simuiation medel is run N times from time step ¢, 10 7,.;. For example, using an ensemble
Kalman {ilter, the proxy flow simulation of the reservoir is performed based on the trained DNN.
Each realization from the ensemble of input static parameters, presented in a three-dimensional
space, is used as an input parameter in the trained DNN proxy flow simulation model described
by Eq. (1} to predict a realization of output parameter values for next fime step 4+, from current

time step £, This forecast procedure is repeated for each ensemble member (realization} in the

-11 -
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ensemble, In an example, the output of the EnKF forecast operation is an unaltered three-
dimensional input model {(e.g., a petrophysical model of the reservoir) and corresponding -

production rates predicted from time step 4, 10 fye0.

{6039] At block 210, it is determined whether new production and/or geologic data have
been received. In an example, the new production and/or geologic data may be received from
well log data {or any other source of data) that has been generated since the previous production
and/or geologic data was received at block 202, If new production and/or geologic data has not

been received, the process 200 may continue to block 214 discussed below.

{0040} At block 212, if new production and/or geologic data have been received, an EnKF
update operation is performed where the petrophysical model is updated, using the ensemble
Kalman filter, based on determining a covarlance matrix of the initial input data, the input and
output parameters, and/or the new production and/or geologic data. For example, the results of
the proxy flow simulation, such as the oil production rate, and the petrophysical model are
updated to the data sampled at current time step £,¢«; based on the covariance matrix of the
modeled systermn. In an example, new production and/or geologic data are assimilated, using the
ensemble Kalman filter, by updating a current ensemble to obtain history matching through a
minimization of differences between g predicted production output from the proxy flow
simulation and measured production data from a field, in which the field may include one or
IMOTE TeSETVOIrs in 8 given geographic area and/or region. Equation (2) below shows how the
update is made. In an example, M;; is the entire ensemble in a matrix form both consisting of
static parameters Af), e.g., petrophysical model, and dynamic variables M), e.g., oil production
rate, as depicted in Equation (3) below; superscripts / ¥ and a denote forecasted model from
Equation (1), updated model, and actual (true) model; K{#,+/) is the Kalman gain, which is
computed from the modeled system covariance Cy(8,+;) and data measurement error covariance
&{t.+ 1) according to Equation {4) below; the covariance between model variable M :(¢,.), and
model variable M;,(¢,+ 1) is computed as in Equation (§) below with  being a realization index
and NV is the ensemble size or total number of realizations, <...> is the average operator shown in
Equation {6) below; D (1,+ /) 15 the data sampled at time step 2, both for static 4, and dynamic

Af; variables; and H{¥,. ) is the observation matrix of 0s and Is that relate actual, sought-afier,

~12 -
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model M%) and the data values D3(4,+ ;) in the matrix notation for current time step 4+ a8

shown in Equation (7} below.

My (tne ) = Mifltne 1) + Ktaa i) * (D1a(tnes) = Htwet) * Mid(tns D) )
My €M, UM, {3)
Kty = Craltoery * Hter) * (H(tges) * Cialtnes) * Hityar) + 6t ©)
Croltur i)y = et (Migltns i = <Miftas 3 ¥ ysltarsyyr — <Mistassy®) (N - 1) &)
Myt 3 = Tt Mizltar i I N (&
Dyaltnes) = Hpe ) ¥ M3 (0hs0) (N

{80341 The process 200 may then repeat the operation at block 206 by performing, using the
ensemble Kalman filter, the proxy flow simulation of the reservoir based on the trained DNN and
the updated petrophysical model, and repeat the operation at block 208 by running the proxy
How simulation model at block 208 to predict production parameters for the next time step £, + 3
using Equation (1). These operations may be repeated untif all data are assimilated inio the
system {e.g., while new data is available for assimilating). In an example, using the updated
current ensemble {mentioned above), a second proxy flow simulation of the reservoir is

performed based on the trained DNN.

{66427 At block 214, based at least in part on the performed proxy flow simulation of the
reservoir, future behavior of the reservoir related to at least a future oif production rate of the
reservoir is predicted.  In an example, a predicted future behavior of the reservoir is determined

based at least on the performed proxy flow simulation of the reservoir,

18043} FIG. 3 illustrates a plot 300 of an example of a comparison of the predicted
cumulative ¢il production to the actual production data using multi-laver neural network for an

ensemnble size where N 100,

18044 FIG. 3 shows the comparison between the predicted (e.g., line 302) and actual {e.g.,

line 304} cumulative oil production rate at some time step ¢ for all one hundred realizations using
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multi-layer neural network, In the example of FIG. 3, the plot 300 corresponds to four
production wells placed at the comers of a two-dimensional model with a single injection well
located in the middle of the grid. The inputs to the DNN for cach realization and time step are
the permeability averaged over the grid, variance of permeability, botiom hole injector pressure,
bottom hole producer pressure, and cumulative water injection. The neural network includes
three layers with eighieen, twenty, and twenty neural nodes per layer, respectively. The rectified
linear unit is used as the activation function in this example. The predicted cumulative oil
production values closely follow the actual values, which are obtained from a full physics flow

simulator.

{8045] The following discussion in FIGS. 4 and 3 relate to examples of a drilling assembly
and lopging assembly for a given ol or gas well system that may be utilized to implement the
techniques based on using the ensemble Kalman filter in conjunction with the deep neural

network that may be applied to drilling and/or logging scenarios as described above,

10046} il and gas hydrocarbons can naturally ocour in some subterrancan formations. In the
oil and gas indusiry, a sublerranean formation containing oil, gas, or waler isreferred o as a
reservoir. A reservoir may be located under land or off shore. Reservoirs are typically located in
the range of a few hundred feet {shallow reservoirs) to 8 few tens of thousands of feet (ultra~deep
reservoirs). In order {o produce oil or gas, a wellbore 1s drilled into a reservoir or adjacent {o a
reservoir, The oil, gas, or waler produced from the welibore is called a reservoir fhuid. Anoilor

gas well system can be on land or offshore.

180471 FIG. 4 illustrates an exemplary drilling assembly 400 for implementing the processes
described herein. | should be noted that while FIG, 4 generally depicts a land-based drilling
assembly, those skilled in the art will readily recognize that the principles described herein are
equally applicable to subsea drilling operations that employ floating or sea-based platforms and

rigs, without departing from the scope of the disclosure.

{B04R] n one or more implementations, the process 200 described above begins after the
drilling assembly 400 drills g wellbore 416 penctrating a subterranean formation 418, It is
appreciated, however, that any processing performed in the process 200 by any appropriate

component described herein may ocour only uphele, only downhole, or at least some of both
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(i.e., distributed processing). As illustrated, the drilling assembly 400 may include a drilling
platform 402 that supports a derrick 404 having a traveling block 406 for raising and lowering a
drill string 408. The drill string 408 may include, but is not limited to, drill pipe and coiled
tubing, as generally known to those skilled in the art. A kelly 410 supports the drill string 408 as
it is lowered through a rotary table 412. A drill bit 414 is attached to the distal end of the driil
string 408 and is driven either by a downhole motor and/or via rotation of the drill string 408
from the well surface. As the drill bit 414 rotates, it creates the wellbore 416 that penetrates

various subierranean formations 418,

[6849] A pump 420 (e.g., 2 mud pump) circulates drilling mud 422 through a feed pipe 424
and to the kelly 410, which conveys the drilling mud 422 downhole through the interior of the
drill string 408 and through one or more orifices in the drill bit 414, The drilling mud 422 is then
circulated back to the swrface via an annulus 426 defined between the drill string 408 and the
walls of the wellbore 416. At the surface, the recirculated or spent drilling mud 422 exits the
annulus 426 and may be conveyed to one or more {luid processing unit(s) 428 via an
interconnecting flow line 430. Afier passing through the fluid processing unit(s) 428, a
“cleaned” drilling mud 422 is deposited into a nearby retention pit 432 (i.e., a mud pit). While
iHlustrated as being arranged at the outlet of the wellbore 416 via the annulus 426, those skilled in
the art will readily appreciate that the fluid processing unit{s} 428 may be arranged at any other
location in the drilling assembly 400 to facilitate its proper function, without departing from the

scope of the scope of the disclosure.

100501 Chemicals, fluids, additives, and the like may be added to the drilling mud 422 via a
mixing hopper 434 communicably coupled to or otherwise in fluid communication with the
retention pit 432, The mixing hopper 434 may include, but is not Hmited to, mixers and related
mixing eguipment known to those skilled in the arl. In other implementations, however, the
chemicals, fluids, additives, and the like may be added to the drilling mud 422 at any other
jocation in the drilling assembly 400. In at least one implementation, for example, there may be
more than one retention pit 432, such as multiple retention pits 432 in series. Moreover, the
retention pit 432 may be representative of one or more fluid storage facilities and/or units where
the chemicals, fluids, additives, and the like may be stored, reconditioned, and/or regulated until

added to the drilling mud 422,

s
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8081} The processor 438 may be a portion of computer hardware used to implement the
various ilustrative blocks, modules, elements, components, methods, and algorithms deseribed
herein. The processor 438 may be configured to execute one or more sequences of instructions,
programming stances, or code stored on a non-transitory, computer-readable medium. The
processor 438 can be, for example, a general purpose microprocessor, a microcontroller, a digital
signal processor, an application specific integrated circuit, 8 field programmable gate array, a
programmable logic device, a controller, a state machine, a gated logie, discrete hardware
components, an artificial neural network, or any like suitable entity that can perform calculations
or other manipulations of data. In some implementations, computer hardware can further include
elements such as, for example, a memory {(e.g., random access memory {RAM), Hash memory,
read only memory (ROM), progranmumnable read only memory (PROM), erasable programmable
read only memory (EPROM]}), registers, hard disks, removable disks, CDROMS, DV3s, or any

other like suitable storage device or medium.

{6053] Exceutable sequences described herein can be implemented with one or more
sequences of code contained in a memory. In some implementations, such code can be read into
the memory from another machine-readable mediwm. Execution of the sequences of instructions
contained in the memory can cause 8 processor 438 o perform the process steps described
herein. One or more processors 438 in a multi-processing arrangement can also be emploved to
execute instruction sequences in the memory. In addition, hard-wired circuitry can be used in
place of or in combination with software instructions to implement vartous implementations
described herein. Thus, the present implementations are not limited to any specific combination

of hardware and/or software.

8433} As used herein, a machine-readable medium will refer to any medinm that directly or
indirectly provides instructions to the processor 438 for execution. A maching-readable medium
can take on many forms including, for example, non-volatile media, volatile media, and
transmission media. Non-volatile media can include, for example, optical and magnetic disks,
Volatile media can include, for example, dynamic memory, Transmission media can include, for
example, coaxial cables, wire, fiber optics, and wires that form a bus. Common forms of
machine-readable media can include, for example, floppy disks, flexible disks, hard disks,

magnetic tapes, other like magnetic media, CD-ROMSs, DVDs, other like optical media, punch
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cards, paper tapes and like physical media with patterned holes, RAM, ROM, PROM, EFROM
and flash EPROM,

18054} The drilling assembly 400 may further include a bottom hole assembly (BHA)
coupled to the drill string 408 near the drill bit 414, The BHA may comprise various downhole
measurement tools such ag, but not Hmited to, measurement-while-drilling (MWD) and logging-
while-drilling (LWD) tools, which may be configured to take downhole and/or uphole
measurements of the swrrounding subterranean formations 418, Along the drill string 408,
logging while drilling (LWD) or measuring while drilling (MWD) equipment 436 is included, In
one or more implementations, the drilling assembly 400 involves drilling the wellbore 416 while
the logging measurements are made with the LWD/MWD equipment 436, More generally, the
methods described herein involve introducing a logging tool into the wellbore that is capable of
determining wellbore parameters, including mechanical properties of the formation. The logging
tool may be an LWD logging tool, a MWD logging tool, a wireline logging tool, shickline
logging tool, and the like. Further, it is understood that any processing performed by the logging
tool may occur only uphole, only downhole, or at least some of both (i.e., distributed

pProcessing).

{BO35] According to the present disclosure, the LWIVMWD equipment 436 may include a
stationary acoustic sensor and a moving acoustic sensor used to detect the flow of fluid fowing
into and/or adjacent the wellbore 416, In an example, the stationary acoustic sensor may be
arranged about the longitudinal axis of the LWD/MWD equipment 436, and, thus, of the
wellbore 416 at a predetermined fixed location within the wellbore 416, The moving acoustic
sensor may be arranged about the longitudinal axis of the LWD/MWD equipment 436, and, thus,
of the wellbore 416, and is configured (o move along the longitudinal axis of the wellbore 416.
However, the arrangement of the stationary acoustic sensor and the moving acoustic sensor is not
limited thereto and the acoustic sensors may be arranged in any configuration as required by the

application and design.

8036} The LWD/MWD equipment 436 may transmit the measured data to a processor 438
at the surface wired or wirelessly. Transmission of the data is generally illustrated at line 440 to

demonstrate communicable coupling between the processor 438 and the LWD/MWD equipment

Wss
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436 and does not necessarily indicate the path to which communication is achieved. The
stationary acousiic sensor and the moving acoustic sensor may be comununicably coupled to the
line 440 used to transfer measursments and signals from the BHA t© the processor 438 that
processes the acoustic measurements and signals received by acousiic sensors {e.g., stationary
geoustic sensor, moving acoustic sensor} and/or controls the operation of the BHA. Inthe
subject technology, the LWD/MWD equipment 436 may be capable of logging analysis of the

subterranean formation 418 proximal {o the wellbore 416,

R In some implementations, part of the processing may be performed by a telemetry
module (not shown) in combination with the processor 438, For example, the telemetry module
may pre-process the individual sensor signals {e.g., through signal conditioning, filtering, and/or
noise cancellation) and transmit them to o surface data processing system {e.g., the processor
438) for further processing. I is appreciated that any processing performed by the telemetry
module may occwr only uphole, only downhole, or at least some of both (1., distributed

Processing).

18058} In vartous implementations, the processed acoustic signals are evaluated in
conjunction with measurements from other sensors {e.g., temperature and surface well pressure
measurements) fo evaluate How conditions and overall well integrity, The telemetry module
may encompass any known means of downhole conymunieation including, but not limited to, 8
mud pulse telemetry system, an acoustic telemetry system, a wired communications system, a
wirgless communications system, or any combination thereof. In certain implemeniations, some
or all of the measurements taken by the stationary acoustic sensor and the moving acoustic
sensor may also be stored within 8 memory associated with the acoustic sensors or the telemetry

module for later retrieval at the surface upon retracting the drill string 408,

{B59] FIG. § illustrates a fogging assembly 500 having a wireline system suitable for
immplementing the methods described herein. As illustrated, a platform 510 may be equipped
with a derrick 512 that supports a hoist 514, Drilling oil and gas wells, for example, are
commonly carried out using a string of drill pipes connected together so as 1o form a drilling
string that is lowered through a rotary table 516 into a wellbore S18. Here, it is assumed that the

driiling siring has been temporarily removed from the wellbore 518 to allow a logging tool 52¢

S 1%
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{and/or any other appropriate wireline tool) to be lowered by wireling 522, slickline, coiled
tubing, pipe, downhole tractor, logging cable, and/or any other appropriate physical structure or
conveyance extending downhole from the surface into the wellbore 518, Typically, the logging
tool 520 is lowered fo a region of intergst and subsequently pulled npward at a substantially
constant speed. Druring the upward trip, instruments included in the logging tool 520 may be
used to perform measurements on the subterranean formation 524 adjacent the wellbore 518 as
the logging tool 520 passes by, Further, i is understood that any processing performed by the
fogging tool 520 may occur only uphele, only dewnhele, or at least some of both (1Le., distributed

Processing).

8060} The logging tool 5320 may inciude one or more wireling instrument(s) that may be
suspended into the wellbore 518 by the wireline 522, The wireline instrument(s} may include the
stationary acoustic sensor and the moving acoustic sensor, which may be communicably coupled
o the wireline 522. The wireline 522 may include conductors for transporiing power to the
wireling instrument and also facilitate communication between the surface and the wireline
instrument. The logging tool 520 may include a mechanical component for causing movement
of the moving acoustic sensor. In some implementations, the mechanical component may need
o be calibrated to provide a more accurate mechanical motion when the moving acoustic sensor

is being repositioned along the longitudinal axis of the welibore 518,

{6061] The acoustic sensors {e.g., the stationary acoustic sensey, the moving acoustic sensor)
may include electronic sensors, such as hydrophones, piezoelectric sensors, piezoresisiive
sensors, electromagnetic sensors, accelerometers, or the like. In other implementations, the
acoustic sensors may comprise fiber oplic sensors, such as point sensors {s.g., fiber Bragg
gratings, ¢to.) distributed at desired or predetermined locations along the length of an optical
fiber. In yet other implementations, the acoustic sensors may comprise distributed acoustic
sensors, which may also use optical fibers and permit a distributed measurement of local
acoustics at any given point along the fiber. In still other implementations, the acoustic sensors

may include optical accelerometers or optical hydrophones that have fiber optic cablings.
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8062} Additionaily or alternatively, in an example {not explicitly illustrated}, the acoustic
sensors may be attached to or embedded within the one or more sirings of casing lining the

wellbore 518 and/or the wall of the wellbore 518 at an axially spaced pre-determined distance.

18063} A logging facility 528, shown in FIG. 5 as a truck, may collect measurements from
the acoustic sensors (g.g., the stationary acoustic sensor, the moving acoustic sensor), and may
include the processor 438 for controlling, processing, storing, and/or visualizing the
measurements gathered by the acoustic sensors. The processor 438 may be communicably
coupled to the wireline instrumeni(s) by way of the wireline 522. Aliernatively, the
measurements gathered by the logging tool 520 may be transmitted (wired or wirelessly) or
physteally delivered to computing facilities off-site where the methods and processes described

herein may be implemented.

10064} FIG. 6 illustrates a schematic diagram of a set of general components of an example
computing device 600. In this example, the computing device 600 includes a processor 602 for
gxecuting instructions that can be stored in a memory device or element 604, The computing
device 600 can include many types of memory, data storage, or non-transitory computer-readable
storage media, such as a first data storage for program instructions for execution by the processor
602, a separate storage for images or data, a removable memory for sharing information with

other devices, ete.

{80365} The computing device 600 typically may include some type of display element 606,
such as a touch screen or liquid crystal display (LCD). As discussed, the computing device 600
in many embodiments will include at least one input element 610 able to receive conventional
input from a user. This conventional input can include, for example, a push button, touch pad,
touch screen, wheel, joystick, keyboard, mouse, keypad, or any other such device or element
whereby a user can input a conynand to the device. In some embodiments, however, such the
computing device 600 might not include any buttons at all, and might be controlied only through
a combination of visual and audic commands, such that a user can control the computing device
600 without having to be in contact with the computing device 600, In some embodiments, the
computing device 600 of FIG, 6 can include one or more network interface elements 608 for

conununicating over various networks, such as a Wi-Fi, Bluetooth, RF, wired, or wireless
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communication systems. The computing device 600 in many embodiments can communicate
with a network, such as the Internet, and may be able to communicate with other such computing

devices.

8066} As discussed herein, different approaches can be implemented in various
environments in accordance with the described embodiments, For example, FIG. 7 illustrates a
schematic diagram of an example of an environment 700 for implementing aspects in accordance
with various embodiments. As will be appreciated, although a client-server based environment
is used for purposes of explanation, different environments may be used, as appropriate, (o
implement various embodiments. The system includes an electronic client device 702, which
can include any appropriate device operable o send and receive requests, messages or
information over an appropriate network 704 and convey information back to a user of the
device. Examples of such client devices include personal computers, cell phones, handheld
messaging devices, laptop computers, set-top boxes, personal data assistants, electronic book

readers and the like.

180671 The network 704 can include any appropriate network, including an intranet, the
Internet, a cellular network, a local area network or any other such network or combination
thereof. The network 704 could be a "push” network, a "pull” network, or a combination thereof.
In a "push” network, one or meore of the servers push out data to the client device. In a "pull”
network, one or more of the servers send data to the client device upon request for the data by the
client device. Components used for such a system can depend at least in part upon the type of
network and/or environment selected. Protocols and components for communicating via such a
network are well known and will not be discussed herein in detail. Computing over the network
704 can be enabled via wired or wireless connections and combinations thereof. In this example,
the network includes the Internet, as the environment includes a server 706 for receiving requests
and serving content in response thereto, although for other networks, an alternative device

serving a similar purpose could be used, as would be apparent to one of ordinaey skill in the art.

{B068] The client device 702 may represent the computing device 600 of FIG. 6, and the

server 706 may represent off-site computing facilities in other implementations.
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18065] The server 706 typically will include an operating system that provides executable
program instructions for the general administration and operation of that server and typically will
include computer-readable medium storing instructions that, when executed by a processor of the
server, allow the server to perform its intended functions. Suitable implementations for the
operating system and general functionality of the servers are known or commercially available
and are readily implemented by persons having ordinary skill in the art, particularly in lght of

the disclosure herein.

18070] The environrnent in one embodiment is a distributed computing environment utilizing
several computer systems and components that are interconnecied via computing links, using one
or more computer networks or direct connections. However, it will be appreciated by those of
ordinary skill in the art that such a system could operate egually well in a system having fewer or
a greater number of components than are illustrated in FIG. 7. Thus, the depiction of the
environmpent 70 in FIG. 7 should be taken as being illustrative in nature and pot limiting to the

scope of the disclosure,

18871} Storage media and other non-transitory computer readable media for containing code,
or portions of code, can include any appropriate storage media used in the art, such as but not
limited to volatile and non-volatile, removable and non-removable media implemented in any
method or technology for storage of information such as computer readable instructions, data
structures, program modules, or other data, including RAM, ROM, EEPROM, flash memory or
other memory technology, CD-ROM, digital versatile disk (I3VD) or other optical storage,
magnetic casseties, magnetic tape, magnetic disk storage or other magnetic storage devices, or
any other medinm which can be used to store the desired information and which can be accessed
by the a system device. Based on the disclosure and teachings provided herein, a person of
ordinary skill in the art will appreciate other ways and/or methods to implement the various

implementations.

Further Considerations

FO067 3 Yarious cxamples of aspects of the disclosure are described below as clauses for

convenience. The methods of any preceding paragraph, either alone or in combination may
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further include the following clauses. These are provided as examples, and do not Hmit the

subject technology.

16673} Clause 1. A method comprising: receiving inttial input data comprising at least one
of production data or geologic data related to a reservoir; training, using at least the inttial input
data and a production flow record based on the production data, a deep neural network (DNN) to
maodel a proxy flow simulation of the reservoir; performing, using an ensemble Kalman filter, the
proxy flow stmulation of the reservoir based on the trained DNN; assimilating new data, using
the ensemble Kalman filter, by updating a current ensemble to obtain history matching through a
minimization of differences between a predicted production output from the proxy flow
simulation and measured production data from a field; performing, using the updated current
ensemble, a second proxy flow simulation of the reservoir based on the trained DNN; repeating
the assimilating and the performing while new data is available for assimilating; determining a
predicted behavior of the reservoir based at least on the performed proxy flow simulation of the
reservoir; and providing an indication of the predicted behavior to facilitate production of fluids

from the reservoir,

{8074} Clause 2. The method of Clause 1, wherein performing, using the ensemble Kalman
filter, the proxy flow simulation of the reservoir includes performing a forecast operation of the

ensemble Kalman filter,

10078} Clause 3. The method of Clause 1, further comprising: generating, based at least in
part on the received initial input data, an initial ensemble of input parameters for the proxy flow
stmulation, wherein the initial ensemble includes a number of realizations of the inpwt

parameters.

0876} Clause 4. The method of Clause 3, wherein the initial ensemble of input parameters

comprises parameters corresponding to petrophysical properties of porosity and permeability.

{88771 Clause 5. The method of Clause 3, wherein the initial ensemble is generated using a

geostatistical technique.

{0078] Clause 6. The method of Clause 3, wherein the initial ensemble is used as an input

1o the DNN.



WO 2019/221717 PCT/US2018/032816

{60791 Clause 7. The method of Clause 3, wherein the proxy flow simulation based on the
DINN is performed for each realization of the initial ensemble to forecast production parameters

from g previous time step 1,y 10 & current time step 1,

16G80] Clause 8. The method of Clause 1, wherein performing the proxy flow simulation of

the reservoir provides, as output, production rates and a petrophysical model.

{0681} Clause 9. The method of Clause §, further comprising: receiving new input data
including new production data and new geologic data; updating, using the ensemble Kalman
filter, the petrophysical model based a covariance matrix; and performing, using the ensemble
Kalman filter, the proxy flow simulation of the reservoir based on the trained DNN and the

updated petrophysical model.

{8081} Clause 10, The method of Clause 9, wherein determining the predicted behavior of
the reservoir is based at least in part on the updated petrophysical model, and the predicted
behavior of the reservoir predicts future oil production rate of the reservoir to facilitate

management of oil production from a production well at the reservoir.

j0O83] Clause 11. A system comprising: a processor; and a memory device including
instructions that, when executed by the processor, cause the processor to: receive initial input
data comprising at least one of production data or geclogic data; train, using at least the initig}
input data and a production flow record based on the production data, a deep neural network
{IINN} to model a proxy flow simulation of a reservoir; perform, using an ensemble Kalman
filter, the proxy flow simulation of the reservoir based on the frained DNN; determine a
predicted behavior of the reservoir based at least on the performed proxy flow simulation of the
reservoir; and provide an indication of the predicted behavior to facilitate production of fluids

from the reservoir.

6084} Clause 12. The system of Clause 11, wherein to performing, using the ensemble
Kalman filter, the proxy flow simulation of the reservoir includes performing a forecast

operation of the ensemble Kalman filter,

{B085] Clause 13. The system of Clanse 11, wherein the instructions further cause the

processor to; generate, based at least in part on the received initial input data, an initial ensemble
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of input parameters for the proxy flow simulation, wherein the initial ensemble includes a

number of realizations of the imput parameters,

[D086] Clause 14, The system of Clause 13, wherein initial ensemble of input parameters

comprises parameters corresponding to petrophysical properties of porosity and permeability.

{8087} Clause 15, The system of Clause 13, wherein the initial ensemble is generated using

a geostatistical technique.

{BO8E] Clause 16. The system of Clause 13, wherein the initial ensemble is used as an input

1o the DINN,

{B48Y] Clause 17. The system of Clause 13, wherein the proxy flow simulation based on
DXNN is performed for each realization of the initial ensemble to forecast production parameters

from a previous time step §,.; {0 a current time step £,

{8094¢] Clause 18. The system of Clause 11, whersin {0 perform the proxy flow simulation

of the reservoir provides, as output, production rates and a petrophysical model,

08911 Clanse 19, The system of Clause 18, wherein the instructions further cause the
processor to: receive new input data including new production data and new geologic data;
update, using the ensemble Kalman filter, the petrophysical model based a covariance matrix;
and perform, using the ensemble Kalman filter, the proxy flow simulation of the reservoir based

on the trained DNN and the updated petrophysical model.

{6492} Clause 20. A nou-transitory computer-readable medium including instructions stored
therein that, when executed by at least one computing device, cause the at least one computing
device to perform operations comprising: receiving initial input data comprising at least one of
production data or geologic data; training, using at least the initial input data, a deep neural
network (DNN} to model a proxy flow simulation of a reservoir; performing, using an ensemble
Kalman filter, the proxy flow simulation of the reservoir based on the trained DNN; assimilating
new data, using the ensemble Kalman filter, by updating a current ensemble to obtain history
maiching through a minimization of differences between a predicied production output from the

proxy flow simulation and measured production data from a field; perform, using the updated
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current ensemble, a second proxy flow simulation of the reservoir based on the trained DNN;
repeat the assimilating and the performing while new data is available for assimilating;
determining a predicted behavior of the reservoir based at least on the performed proxy flow
simulation of the reservoir; and provide an indication of the predicted behavior to facilitate

production of fluids from the reservoir.

{80931 A reference to an element in the singular is not intended to mean one and only one
uniess specifically s0 stated, but rather one or more, For example, “a” module may refer to one
or more modules. An element proceeded by “a,” “an,” “the,” or “said” does not, without further

constraints, preclude the existence of additional same elements.

{B084] Headings and subheadings, if any, are used for convenience only and do not limit the
invention. The word exemplary is used to mean serving as an example or illustration. To the
extent that the term include, have, or the like is used, such term is intended o be inclusive in a
manner similar to the term comprise as comprise is interpreted when emploved as a transitional
word in a claim. Relational terms such as first and second and the like may be used to distinguish
one entity or action from another without necessarily requiring or implying any actual such

relationship or order between such entities or actions.

[B695] Phrases such as ap aspect, the aspect, another aspect, some aspects, one or more
aspects, an implementation, the implementation, another implementation, some implementations,
one or more implementations, an embodiment, the embodiment, another embodiment, some
embodiments, one or more embodiments, a configuration, the configuration, another
configuration, some configurations, one or more configurations, the subject technology, the
disclosure, the present disclosure, other variations thereof and alike are for convenience and do
not imply that a disclosure relating to such phrase(s) is essential to the subject technology or that
such disclosure applies to all configurations of the subject technology. A disclosure relating to
such phrase(s) may apply to all configurations, or one or more configurations. A disclosure
relating to such phrase(s) may provide one or more examples. A phrase such as an aspect or
some aspects may refer to one or more aspects and vice versa, and this applies similarly to other

foregoing phrases.
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{80961 A phrase “at least one of” preceding a series of items, with the terms “and” or “or” ©
separate any of the tems, modifies the list as a whole, rather than each member of the Hst. The
phrase “at least one of” does not require selection of at least one itemn; rather, the phrase allows a
meaning that includes at least one of any one of the items, and/or atl least one of any combination
of the items, and/or at least one of each of the items. By way of example, each of the phrases “at
least one of A, B, and C” or “at Ieast one of A, B, or C7 refers to only A, only B, or only ) any

combination of A, B, and C; and/or at least one of each of A, B, and C,

18097} it is undersiood that the specific order or hierarchy of steps, operations, or progesses
disclosed is an illustration of exemiplary approaches. Unless explicitly stated otherwise, it is
understood that the specific order or hisrarchy of sieps, operations, or processes may be
performed in different order. Some of the steps, operations, or processes may be performed
simultaneously. The accompanying methed claims, if any, present elements of the various steps,
operations or processes in a sample order, and are not meant to be Hmited to the specific order or
hisrarchy presenied. These may be performed in serial, linearly, in parallel or in different order.
It should be understood that the described instructions, operations, and systems can generally be
integrated together in a single software/hardware product or packaged into multiple

sottwarc/hardware products.

{B098] In one aspect, a term coupled or the like may refer to being directly coupled. In

another aspect, a term coupled or the like may refer to being indirectly coupled.

10099 Terms such as top, boitom, fromt, rear, side, horizontal, vertical, and the like refer to
an arbifrary frame of reference, rather than to the ordinary gravitational frame of reference. Thus,
such a term may exiend upwardly, downwardly, diagonally, or horizontally in a gravitational

frame of reference.

[0810¢]  The disclosure is provided to enable any person skilled in the art to practice the
various aspects described herein. In some instances, well-known structures and components are
shown in block diagram form in order to avoid obscuring the concepts of the subject technology.
The disclosure provides various examples of the subject technology, and the subject technology
is not limited to these examples. Various modifications to these aspects will be readily apparent

to those skilled in the art, and the principles described herein may be applied to other aspects.
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{60181]  All structural and functional equivalents to the clements of the various aspects
described throughout the disclosure that are known or later come to be known to those of
ordinary skill in the art are expressly incorporated herein by reference and are intended to be
encompassed by the claims. Moreover, nothing disclosed herein is intended to be dedicated to
the public regardiess of whether such disclosure is explicitly recited in the claims. No claim
element is to be construed under the provisions of 35 U.8.C. §112, sixth paragraph, unless the
element is expressly recited using the phrase “means for” or, in the case of a method claim, the

glement is rectted using the phrase “step for”.

{00102] The title, background, brief description of the drawings, abstract, and drawings are
hereby incorporated into the disclosure and are provided as iHustrative examples of the
disclosure, not as restrictive descriptions. It is submitted with the understanding that they will not
be used to limit the scope or meaning of the claims, In addition, in the detailed description, it can
be seen that the description provides iHustrative examples and the various features are grouped
together in various implementations for the purpose of streamlining the disclosure. The method
of disclosure is not to be interpreted as reflecting an intention that the claimed subject matter
requires more features than are expressly recited in each claim. Rather, as the claims reflect,
mventive subject matter les in less than all features of a single disclosed configuration or
operation. The claims are hereby incorporated into the detailed description, with each claim

standing on its own a3 a separately claimed subject maiter,

[00103]  The claims are not intended to be limited to the aspects described herein, but are to be
accorded the full scope consistent with the language claims and to encompass all legal
equivalents. Notwithstanding, none of the claims are intended to embrace subject matter that
fails to satisty the requirements of the applicable patent law, nor should they be interpreted in

such a way.
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CLAIMS
WHAT IS CLAIMEDR IS:

I. A method comprising:

receiving initial input data comprising at least one of production data or geclogic data
related to a reservoir,

training, using at least the initial input data and a production flow record based on the
production data, a deep neural network (NN} to model a proxy flow simulation of the reservoir;

performing, using an ensemble Kalman filter, the proxy flow simulation of the reservoir
based on the trained DNN;

assimilating new data, using the ensemble Kalman filter, by updating a current ensemble
to obtain history matching through a minimization of differences between a predicted production
gutput from the proxy flow simulation and measured production data from a field;

performing, using the updated current ensemble, a second proxy flow simulation of the
reserveir based on the irained DINN;

repeating the assimilating and the performing while new data is available for
assimilation;

determining a predicted behavior of the reservoir based at least on the performed proxy
flow simulation of the reservoir; and

providing an indication of the predicted behavior to facilitate production of fluids from

the reservoir.

2. The method of claim 1, wherein performing, using the ensemble Kalman filter,
the proxy flow simulation of the reserveir includes performing a forecast operation of the

ensembie Kalman filter.

3. The method of claim 1, further comprising:
generating, based at least in part on the received initial input data, an initial ensemble of
input parameters for the proxy flow simulation, wherein the initial ensemble includes a number

of realizations of the input parameters.
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4, The method of claim 3, wherein the initial ensemble of input parameters

comprises parameters corresponding to petrophysical properties of porosity and permeability.

5. The method of claim 3, wherein the initial ensemble is generated using a

geostatistical technique.

6. The method of claim 3, wherein the initial ensemble is used as an input to the

DN,

7. The method of clatm 3, wherein the proxy flow simulation based on the DNN is
performed for each realization of the intiial ensemble o forecast production parameters from a

Previous Hme step £, 1o a current Hme step 4,

8. The method of claim 1, wherein performing the proxy flow simulation of the

reservoir provides, as outpit, production rates and a petrophysical model.

9. The method of claim 8, further comprising:

recelving new input data including new production data and new geologic data;

updating, using the ensemble Kalman filter, the petrophysical model based a covariance
mairix; and

performing, using the ensemble Kalman filter, the proxy flow simulation of the reservoir

based on the trained DNN and the updated petrophysical model.

10, The method of claim 9, wherein determining the predicted behavior of the
reservolr is based at least in part on the updated petrophysical model, and the predicted behavior
of the reservoir predicts future ol production rate of the reservoir to facilitate management of oil

production from a production well at the reservoir,

ti. A system comprising:

a processor; and
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a memory device including instructions that, when executed by the processor, cause the
Processor to;

receive initial input data comprising at least one of production data or geologic
data;

train, using at least the initial input data and a production flow record based on the
production data, a deep newral network {(DNN) t¢ model a proxy flow simulation of a
FeSEIVOLr;

perform, using an ensemble Kalman filter, the proxy flow simulation of the
reservoir based on the trained DNN;

determine a predicted behavior of the reservoir based at least on the performed
proxy flow stmulation of the reservoir; and

provide an indication of the predicted behavior to facilitate production of fluids

from the reservoir,

12, The system of claim 11, wherein to performing, using the ensemble Kalman
filter, the proxy How simulation of the reservoir includes performing a forecast operation of the

ensemble Kalman filter.

13. The system of claim 11, wherein the instructions further cause the processor to:
generate, based at least in part on the received initial input data, an initial ensemble of
input parameters for the proxy flow simulation, wherein the initial ensemble includes a number

of realizations of the input parameters,

14, The system of claim 13, wherein initial ensemble of input parameters comprises

parameters corresponding to petrophysical properties of porosity and permeability.

i3, The system of claim 13, wherein the initial ensemble is generated using a

geostatistical technique.
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i6. The system of claim 13, wherein the initial ensemble is used as an input to the

DN,

17.  The system of claim 13, wherein the proxy flow simulation based on DNN is
performed for each realization of the initial ensemble to forecast production parameters from a

previous lime step £,.; 1o a current time step 4.

18, The system of claim 11, wherein to perform the proxy flow simulation of the

reservoir provides, as output, production rates and a petrophysical model.

19, The system of claim 18, wherein the instructions further cause the processor to:

receive new input data including new production data and new geclogic data;

update, using the ensemble Kalman filter, the petrophysical model based a covariance
matrix; and

perform, using the ensemble Kalman filter, the proxy flow simulation of the reservoir

based on the trained DINN and the updated petrophysical model.

20. A non-transitory computer-readable medium including instructions stored therein
that, when executed by at least one computing device, cause the at least one computing device to
perform operations comprising:

receiving initial input data comprising at least one of production data or geologic data;

training, using at least the initial input data, a deep neural network (DNN) to model a
proxy flow simulation of a reservoir;

performing, using an ensemble Kalman filter, the proxy flow simulation of the reservoir
based on the trained DNN;

assirnilating new data, using the ensemble Kalman filter, by updating a cwrrent ensemble
to obtain history matching through a minimization of differences between a predicted production
output from the proxy flow simulation and measured production data from a field;

performing, using the updated current ensemble, a second proxy flow simulation of the
reservoir based on the trained DNN;

repeat the assimilating and the performing while new data is available for assimilating;
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determining a predicied behavior of the reservoir based at least on the performed proxy
flow simulation of the reservoir; and
providing an indication of the predicted behavior fo facilitate production of fluids from

the reservotr,
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