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based on the determined operating parameters or operating conditions.
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DEEP INTELLIGENCE FOR ELECTRIC SUBMERSIBLE PUMPING SYSTEMS

TECHNICAL FIELD

[0001] The disclosure generally relates to the field of artificial lift systems, and more
particularly to controlling operation of electric submersible pumps (ESP) using deep learning

models.
BACKGROUND ART

[0002] Electric submersible pumps, also known as ESPs, are typically installed in wellbores
to access fluids such as hydrocarbons located underground in a reservoir. The ESP is an efficient
and reliable artificial-lift method for lifting moderate to high volumes of fluids from a geologic
formation through wellbores to the surface. The ESP is typically coupled to a motor controller

having a programmable logic controller (PLC) for controlling operation of the ESP.

[0003] Various sensors are positioned throughout the wellbore and surface to measure
conditions in the wellbore to facilitate control of the ESP. Outputs of the sensors are sent to a
centralized location for analysis by engineering personnel who then make decisions regarding

the operation of the ESP. For example, sensors are arranged to detect gas bubbles in the fluid
being pumped by the ESP. Upon this detection, engineering personnel would conclude that the
gas bubbles reduce efficiency of the ESP and heat transfer from a motor of the ESP to the fluid,
increasing chances for the motor to overheat and stop pumping fluid. The engineering personnel
mitigates this risk by having the motor controller reduce the speed of the motor to reduce the risk
of overheating while the gas bubbles work its way through the ESP. In this regard, the output of
the sensors need continual monitoring so that ESP operation can be adjusted to maintain a

desired fluid production.

BRIEF DESCRIPTION OF THE DRAWINGS

[0004] Embodiments of the disclosure may be better understood by referencing the
accompanying drawings.

[0005] FIG. 1 illustrates an example of a well system for controlling extraction of fluids such as
hydrocarbons from a geologic formation.

[0006] FIG. 2 is a block diagram associated with operation of a deep learning model.

[0007] FIG. 3 is a flow chart of functions associated with operation of the deep learning model.

[0008] FIG. 4 is a block diagram associated with centralized control of ESPs.
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[0009] FIG. 5 is a flow chart of example functions associated with centralized control of the
ESPs.

[0010] FIG. 6 is a block diagram associated with distributed control of ESPs.

[0011] FIG. 7 is a flow chart of functions associated with distributed control of ESPs.

[0012] FIG. 8 is a block diagram for training the deep learning model.

[0013] FIG. 9 is a flow chart of functions associated with training the deep learning model.
[0014] FIG. 10 is a block diagram of a system for controlling operation of one or more ESPs.
[0015] The drawings are for purpose of illustrating example embodiments, but it is understood
that the inventions are not limited to the arrangements and instrumentalities shown in the

drawings.

DESCRIPTION OF EMBODIMENTS

[0016] The description that follows includes example systems, methods, techniques, and
program flows that embody embodiments of the disclosure. However, it is understood that this
disclosure may be practiced without these specific details. For instance, this disclosure refers to
control of electric submersible pumps (ESP) using deep learning models in illustrative examples.
Embodiments of this disclosure can be also be applied to control of other well apparatus. In
other instances, well-known instruction instances, protocols, structures and techniques have not

been shown in detail in order not to obfuscate the description.
Overview

[0017] Embodiments described herein are directed to using a deep learning model to control
electric submersible pumps (ESP) in a wellbore. The deep leaming model allows for intelligent
control of the ESP to meet fluid production goals of the wellbore and well system while reducing

downtime due to failure or shutdown of the ESP.

[0018] A deep learning model receives various inputs associated with ESP operation in the
wellbore and fluid production from the geologic formation. The various inputs include one or
more of operating conditions, application input, supervisory input, model inputs, and a goal set.
The deep learning model models flows and geologic properties of well or reservoir and/or
determines operating parameters or operating conditions for a specific type ESP. The deep
learning model outputs one or more of operating conditions in and around the ESP, operating
parameters associated with a motor of the ESP, and a classification state of the ESP based on the

various inputs. The "deep" in "deep learning" refers to more than two hidden layers through

2



10

15

20

25

30

WO 2020/117253 PCT/US2018/064338

which the various inputs are transformed from input layer to output layer. More than two hidden
layers allows the deep learning model to accurately model transient various equipment
conditions and/or downhole conditions associated with wellbore. The output from the deep
learning model is provided to a motor controller which adjusts operation of a motor of the ESP to
control pumping of fluid by the ESP to meet fluid production objectives. Additionally, the
output is provided to a human interface (¢.g., display and/or input/output device such a keyboard,

mouse, etc.) so that engineering personnel may assess operation of the ESP based on the output.

[0019] The description that follows includes example systems, apparatuses, and methods that
embody aspects of the disclosure. However, it is understood that this disclosure may be
practiced without these specific details. In other instances, well-known instruction instances,

structures and techniques have not been shown in detail in order not to obfuscate the description.

Example Ilustrations

[0020] FIG. 1 illustrates an example of a well system 100 for controlling extraction of fluids
such as hydrocarbons from a geologic formation. The system includes a plurality of electric
submersible pumps 150 (ESPs), a communication network 106, a plurality of sensors 108, 110,
and a centralized computer system 112.

[0021] The ESP 150 is an efficient and reliable artificial-lift system for lifting moderate to high
volumes of fluids from a geologic formation through wellbores 114 to the surface 116. Each
ESP 150 includes a variable speed motor 102 such as an AC induction motor coupled to a pump
that produces the artificial lift. The motor 102 may be installed downhole in the wellbore 114
while a motor controller 104 for controlling the motor 102 may be located at the surface 116 of
the geologic formation. The geologic formation may contain a reservoir 118 of fluid such as
hydrocarbons. The motor controller 104 coupled to the ESP 150 controls operation of the ESP
150 by communicating control signals to the motor 102 to run the pump, stop the pump, and/or
control a speed of the pump and thus control flow rate of fluid through the pump.

[0022] The fluid may be pumped via a fluid column such as tubing 138 in the wellbore 114
to the surface 116. The wellbore 114 is typically lined with a casing 120 such as a steel or
cement pipe which prevents the wellbore 114 from caving in, among other purposes. The casing
120 may have one or more perforations which allows the fluid in the reservoir 118 to flow into
the wellbore 114. The pump coupled to the motor 102 consists of a series of impellers in contact
with the fluid in the casing or liner 120 such that rotation of the motor 102 causes the pump to
generate artificial lift which pumps the fluid from the reservoir 118 to the surface 116 via the

tubing 138.
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[0023] The well system 100 also includes one or more sensors 108, 110, which can take the
form of downhole sensors 108 and surface sensors 110. The downhole sensors 108 may provide
real-time measurement data associated with operating conditions downhole. For example, the
downhole sensors 108 may provide measurement data related to operating conditions downhole
in and around the ESP 150 such as vibration, ambient wellbore fluid temperature, ambient
wellbore fluid pressure, flow rate, density, pressure, torque, power and/or measurement data
relating to equipment conditions such as motor oil pressure, motor oil temperature, pump intake
pressure, fluid pressure at one or more stages of the pump, fluid temperature at one or more
stages of the pump, pump output pressure, pump output flow rate, pump output fluid
temperature, and the like. The surface sensors 110 may provide real-time measurement data
related to operating conditions at the surface 116 such as vibration, ambient wellbore fluid
temperature, ambient wellbore fluid pressure, flow rate, gas chromatography, fluid level, and the
like. The well system 100 may have other sensors as well. In one or more examples, the
operating condition may be determined based on the measurement data. In other cases, the
sensors 108, 110 may measure the operating condition directly and output an indication of the
operating condition.

[0024] The centralized computer system 112 may be one or more systems located at the surface
116 which facilitate control the ESPs 150. The centralized computer system 112 may be coupled
to an input 130 such as a database or a user interface (¢.g., display and/or input/output device
such a keyboard, mouse, ¢tc.) which allows for providing input associated with control of the
ESP 150 by engineering personnel. One or more of the motor controller 104 and centralized
computer system 112 have a respective processor 122, 126, memory 124, 128, and deep learning
model 134, 136. The processor 122 may be less powerful than the processor 126 which allows
the centralized computer 112 to perform more complex calculations than the motor controller
104. The memory 124 may be smaller than the memory 126 which allows the centralized
computer 112 to store more data than the motor controller 104. The processors and memories
may take other forms as well.

[0025] The deep learning model 134, 136 is a neural network which has a certain topology for
modeling behavior of the well system 100 (or wellbores 114 in the well system 100) based on
variables which might or might not be directly measurable by the sensors 108, 110, non-
linearities and chaotic behaviors in the well system 100. The deep learning model 134, 136 may
be classified as multi-layer kernel machines, deep belief networks, deep Boltzmann machines,

neural Turing machines, differential neural computers, compound deep coding networks using
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Q-networks, memory networks, or pointer networks, Markov models, deep model, deep
architecture, deep neural network, computational model, among others.

[0026] The deep learning model uses a cascade of multiple layers of nonlinear processing units
(c.g., states or nodes) that are connected together by weighted branches, where each successive
layer uses the output from the previous layer as input. In deep learning, each level transforms its
input data into a slightly more abstract and composite representation by the weighted branches.
The "deep"” in "deep learning" refers to more than two hidden layers through which the data is
transformed from input layer to output layer based on the nonlinear processing units and
weighted branches. The hidden layer is in between input layers and output layers, where the
input layer and output layer are coupled to the input and output respectively. Deep learning
models are distinguishable from neural network models in that the neural network models
provide a non-parametric framework for representing a non-linear functional mapping between
an input and an output space consisting of no more than one or two hidden layers and fewer
states or nodes than the deep learning model.

[0027] In this regard, the deep learning model 134, 136 facilitates intelligent control of the ESP
150 to meet fluid production goals of the wellbore 114 and well system 100 while reducing
downtime due to failure or shutdown of the ESP 150. More than two hidden layers allows the
deep learning model to accurately model transient equipment conditions and/or downhole
conditions associated with wellbore. This way the output of the deep learning model can be used
to control the ESP in real time and/or accurately determine downhole conditions based on the
real time measurement data (which may also be transient) input into the model. Further, using
deep leaming models to control the ESP also reduce the required amount of preprocessing of
input into the deep learning model and post processing of output of the deep learning model, as
much of those operations can now be trained into the deep learning model because of a greater
number of available states for representation rather than having a separate preprocessing module
coupled to an input of the neural network model and a separate post processing module coupled
to an output of the neural network model. To illustrate, sensor data for each well may need to be
preprocessed prior to input to a neural network models because the sensor output measuring
same operating conditions may vary. The preprocessing may be a normalization (¢.g., adjusted
to a common scale) process prior to input into the neural network model, €.g., convert pressure
deviations to percentages of average well pressures prior to input into a neural network model.
With deep learning models, the pressure deviations can be fed directly into deep leaming

networks without normalization. The deep learning algorithms can process unnormalized data
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due to their better ability to represent a well system in part because it uses a larger number of
states compared to neural network models.

[0028] The communication network 106 may be one or more of a wired and/or wireless
network. The motor controller 104 may communicate data with the centralized computer system
112 via the communication network 106. Additionally, each motor controller 104 may be
arranged to communicate data with another motor controller 104 via the communication network
106.

[0029] FIG. 2 is a block diagram 200 associated with operation of a deep learning model
202. The deep learning model 202 may receive one or more inputs including operating
conditions 204, application input 206, supervisory input 208, model inputs 210, a goal set 212, a
classification state 214, or some other input and generate an output 216.

[0030] The well system includes one or more sensors which can take the form of the
downhole sensors and the surface sensors. Measurement data output by the sensor is in turn
provided as input into the deep learning model 202 as operating conditions 204.  The operating
conditions 204 may describe the environment in which the ESP is operating based on
measurements by the sensors. The operating conditions 204 may include actual and stored
operating conditions. The actual operating conditions may be based on output of sensors in the
wellbore determined in real time. The stored operating conditions may be based on output of
sensors in the wellbore received at some earlier time and stored for subsequent input into the
deep learning model 202.

[0031] The application input 206 and supervisory input 208 are received by the centralized
computer system and provided to the deep learning model 202. The application input 206 may be
indicative of an environment in which the ESP is operating. The application input 206 may
identify one or more of well casing sizes, well equipment type and diameter, known formation
pressures, well depth and well equipment set depth, and other information about the environment
in which the ESP is operating. The application input 206 may be provided to the centralized
computer system via an external source such as a database or by engineering personnel via a user
interface to the centralized computer system (e.g., display and/or input/output device such a
keyboard, mouse, etc.) that receives input from the engineering personnel. The supervisory input
208 may be input from engineering personnel to the centralized computer system. The
supervisory input 208 may be an indication such as a classification state of an ESP, e.g., gas
locked, running normally, shut down, etc. Examples of the supervisory input 208 may also
include an indication of health of an ESP by engineering personnel. The ESP may be
characterized as being healthy or unhealthy. A healthy state may indicate that the ESP is

6
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operating within normal operating conditions while an unhealthy state may indicate that the ESP
is not operating within normal operating conditions. The normal operating conditions may be
determined based on the engineering personnel analyzing measurement data. If a given
measurement data is not outside an acceptable range, then the ESP may be operating within
normal operating conditions and be healthy. If a given measurement data is outside an
acceptable range, then the ESP may not be operating within normal operating conditions and be
unhealthy. As another example, the supervisory input 208 may take the form of an estimate of
fluid flow in the wellbore based on human observation of the measurement data received at the
centralized computer system. An indication of the supervisory input 208 is provided to the deep
learning model. Other examples are also possible.

[0032] The model input 210 may be an output from a deep learning model (which may be the
same or different as the deep learning model 202). The output may be an operating condition
which is provided as a model input 210. Alternatively, the output may be an operating parameter
as described in further detail below which is provided as a model input 210.

[0033] As another example the model input 210 may be from an output of a mathematical model
derived from theoretical or empirical knowledge of the operating conditions in the wellbore.
This model input 210 may take the form of output from a virtual sensor with readings generated
by the mathematical model. The virtual sensor may allow for making measurements which
otherwise might be difficult to measure with physical sensors (¢.g., inaccessible locations in the
wellbore) such as flow rates at a well head of the wellbore or deep underground. In one
example, the mathematical model may be a model of fluid flowing in the wellbore running on
the motor controller or centralized computer system. The fluid in the reservoir may be a single
phase such as fluid or a multiphase fluid such as fluid and gas. In the case that the fluid is a
multiphase fluid, the flow rate of the fluid may be modeled by the mathematical model as a
spring and damping function instead of directly measured due to cost of instrumentation and/or
the effects of gas bubble collapse on action of a Coriolis flow meter. Measurement data from
available sensors may be input into the mathematical model. An output of this mathematical
model (i.e., output of the virtual sensor) may be input into the deep learning model as the model
input 210. The output may be a fluid flow rate of the multiphase fluid. As another example, the
model input 210 may be an output from a deep learning model associated with another ESP. For
example, an operating parameter or operating condition of the other ESP may be determined via
its own deep leaming model and provided to the ESP as an input into the deep learning model
202. As yet another example, the model input 210 may be an operating parameter and/or

operating condition associated with the ESP at some earlier time. The deep leaming model 202
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may have feedback and/or storage which provides the operating parameters or operating
condition output by the deep learning model 202 at some earlier time as an input into the deep
learning model 202.

[0034] The goal set 212 may indicate desired operating conditions of the ESP which are
considered ideal or optimum. Examples would be flow rate at well head, intake pressure, motor
temperature, power consumption, and other measurements that indicate how the ESP should
operate. The goal set 212 would be input into the deep learning model so that the deep learning
model 202 can generate outputs for controlling the ESP to meet the desired operating conditions
in the goal set.

[0035] The classification state 214 may indicate a state of the ESP. The state of the ESP may be
based on operating conditions 204. For example, the operating conditions 204 might be motor
temperature, motor current, and intake pressure which indicate the classification state of the ESP
such as being in a “gas locked” state. Further, a group of ESPs may be defined each of which
has a same classification state and all of the ESPs in this group would be assigned an annotation
that describes their classification state such as being in a “gas locked” state.

[0036] The deep leaming model 202 generates one or more outputs 216 based on the model
input 210. The output 216 of the deep learning model 202 may take a variety of forms including
operating parameters, operating conditions, and/or a classification state of an ESP associated
with controlling the ESP to meet fluid production goals of the wellbore and well system, with
minimal downtime due to failure of an ESP.

[0037] The operating parameters output by the deep learning model 202 may be associated with
operation of the ESP that impact drive settings of the motor like frequency setpoint, operation
mode (gas lock, draw down, etc.), Volts/Hz ratio, and other settings. Operating parameters
describe the settings that govern how the ESP runs and can be directly changed by the motor
controller. Operating parameters are in contrast to operating conditions output by the deep
learning model 202 which describe the environment that the ESP is operating in and might not
be directly affected by the motor controller. The operating parameters may impact how long an
ESP should pump fluid, at which rate, motor speed etc. to meet fluid production objectives.
Changing operating parameters of the ESP based on the operating parameters output by the deep
learning model 202 can indirectly or directly change operating conditions. An example of this
would be that a change in the motor frequency (operating parameter) would lower motor current
(operating condition), lower motor temperature (operating condition), and raise intake pressure
(operating condition). In this regard, the operating parameters output by the deep learning

model 202 may be used to control fluid production by the well system. Operating parameters of
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the ESP based on the operating parameters output by the deep learning model 202 would be
adjusted to attain the desired operating conditions (¢.g., specified by goal data) and confirmed by
the actual measurement data and/or deep learning model 202.

[0038] In one or more examples, the deep learning model 202 may output an operating condition
associated with health of the ESP. For example, if pressure and/or temperature measured by the
sensors in the wellbore over time increases and is greater than given pressure/temperature goal
data, then the deep learning model 202 may indicate that the ESP is in a gas lock and not healthy.
Alternatively, if pressure and/or temperature measured by the sensors in the wellbore over time
remains constant over time and within a range of the goal data, then the deep learning model 202
may indicate that the ESP is healthy.

[0039] In one or more examples, the deep learning model 202 may use the supervisory input to
output the operating parameter of an ESP. For example, the supervisory input may indicate
whether the ESP is healthy or not. The deep learning model 202 will correlate this input with
other inputs to determine the operating parameter of the ESP, where the supervisory input may
influence the determination of the operating parameter. The supervisory input may be used in
other ways as well.

[0040] In one or more examples, the deep learning model 202 may not only output a current
operating condition. The deep learning model 202 may output a prediction of an operating
condition at some future time. To illustrate, the deep learning model 202 may indicate the
operating condition such as flow rate or gas lock an hour, day, or week in the future. This
prediction may be used to know the operating condition before it becomes an actual operating
condition so that changes in ESP operation such as adjustment of operating parameters of the
ESP may be made. The deep leaming model may use inputs 204-214 in other ways as well to
determine the output 216.

[0041] FIG. 3 is a flow chart 300 of functions associated with operation of the deep learning
model. The deep learning model may be running on one or both of the motor controller and
centralized computer system of the well system.

[0042] At 302, input data associated with operation of an ESP may be received by a deep
learning model. The deep learning model may receive the input data via one or more of the
communication network and/or sensors. The input data may take various forms including one or
more of operating conditions, application input, supervisory input, model inputs, a goal set, and a
classification state.

[0043] The deep learning model models flows and geologic propertics of a specific

well/reservoir and/or determines operating parameters or operating conditions for a specific type
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ESP. At 304, the deep learning model may determine an output associated with control of the
ESP based on the one or more input data associated with meeting fluid production goals of the
wellbore and well system, with minimal downtime due to failure of an ESP. The output may
take the form of one or more of operating parameters, operating conditions, and/or a
classification state of an ESP.

[0044] At 306, operation of the ESP may be adjusted based on the output. For example, the
operating condition output may indicate that an ESP is gas locked. The motor controller changes
an operating mode of the ESP to Gas Lock mode so that a motor speed of the ESP is reduced.
As another example, the operating condition output may indicate a flow rate at the well head.
The flow rate may be lower than expected which causes the motor controller to adjust the
frequency setpoint of the ESP to increase flow rate at the well head. The ESP in turn increases
speed of the motor to pump more fluid.

[0045] The operating parameters output may produce not only a desired change in fluid
production of a given ESP but also a desired change in fluid production by the reservoir. For
example, the operating parameters output may be used to adjust operation of an ESP such as a
motor speed to change a fluid production level in the reservoir immediately or in the future.
Operation of the ESPs may be adjusted to meet other fluid production goals as well. For
example, if the operating condition output is fluid production of reservoir which does not meet
production goals in a month, the operating condition output may be used to control the ESPs to
increase pumping to meet the production goals. A motor speed of the motor associated with the
ESP may be increased to increase the pumping. As another example, if the operating condition
output is fluid production of reservoir which exceeds production goals in a month, the ESPs may
be controlled to reduce pumping to meet the production goals. A motor speed of the motor
associated with the ESP may be decreased to decrease the pumping. As another example, if the
operating condition output indicates flow rate is more or less than a threshold amount, the speed
of the ESP may be increased or decreased to increase or decrease a flow rate, respectively.
[0046] In one or more examples, the deep learning model may not only output a current
operating condition. The deep learning model may output a prediction of an operating condition
at some future time. To illustrate, the deep leaming model may output an operating condition
such as flow rate or gas lock an hour in the future or a day in the future. This output may be
used to know operating conditions before it becomes an actual operating condition so that
changes in ESP operation may be made.

[0047] At 308, the output may be provided to a user interface of the central computer system

(e.g., display and/or input/output device such a keyboard, mouse, ¢tc.). Engineering personnel
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may assess operation of the ESP based on the output. For example, the human interface may
display a history of the output over time so that the engineering personnel can track operation of
the ESP and fluid production over time.

[0048] The deep learning model may be used to control the ESP in a centralized or
distributed manner with respect to the well system.

[0049] FIG. 4 is a simplified block diagram 400 of components associated with centralized
control of the ESPs 450. The block diagram 400 includes an ESP 450 having a motor 420, a
motor controller 402 which controls the motor 420, the centralized computer system 404, and the
plurality of sensors 406. The motor controller 402 and centralized computer system 404 may be
communicatively coupled together via the communication network 408, where the arrows show
direction of communication between various components.

[0050] The motor controller 402 and centralized computer system 404 may have respective
deep learning models 410, 414. The deep learning model 410, 414 may receive various inputs
including one or more operating conditions, application input, supervisory input, model inputs,
and a goal set. The inputs may be received from one or more of an ESP 450, sensor 406,
centralized computer system 404, or another input. The deep learning model 410 may be adjunct
to the deep learning model 414 (referred to herein as “adjunct deep learning model”) in that it
assists the deep learning model 414 to control the motor controller 402 but is not permitted
control the ESP 450 itself.

[0051] The centralized control of the ESP 450 implies that the centralized computer system
404 outputs one or more of the operating parameters, operating conditions, and/or a classification
state which govern control of the ESP 450. The outputs are provided to a motor controller 402
of an ESP 450 via the communication network 408 which uses the outputs to adjust operation of
the motor 420 of the ESP 450.

[0052] For example, if the centralized computer system 404 outputs operating parameters,
then the motor controller 402 then adjusts operation of its respective motor 420 based on the
operating parameters provided by the centralized computer system to meet certain fluid
production goals. As another example, the motor controller 402 may determine operating
parameters for the ESP 450, but these operating parameters are provided to the centralized
computer system 404 rather than being executed directly by the motor controller 402 to adjust
operation of its respective motor 420. The centralized computer system 404 may adjust these
operating parameters and provide the adjusted operating parameters back to the motor controller
402 of the ESP 450 to adjust operation of its respective motor 420. As yet another example, if

the centralized computer system 404 outputs operating conditions, the motor controller 402
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associated with the ESP 450 would input the operating conditions into a deep learning model 410
which outputs operating parameters. These operating parameters may be then executed by the
motor controller 402 to adjust operation of its respective motor 420. As another example, if the
centralized computer system 404 outputs a classification state (¢.g., a Gas Lock), the motor
controller 402 associated with the ESP 450 would adjust operating parameters of the motor 420
based on this state. In this regard, the operating conditions and/or classification state output by
the centralized computer system 404 controls the operating parameters determined by the deep
learning model 410. Other examples are also possible for controlling the ESP 450.

[0053] By the centralized computer system 404 determining the operating parameters,
operating conditions, and/or a classification state, the computational loads on each motor
controller 402 is reduced. The centralized control allows for intensive computations associated
with determining operating parameters being performed on the centralized computer system 404
which is more capable than the motor controller 402. Also, the centralized control allows for
accurate control of the ESPs to achieve reservoir fluid production goals. The centralized control
controls an ESP based on knowledge of the reservoir and how decisions with respect to fluid
production of one wellbore will affect fluid production goals of another wellbore to achieve the
reservoir fluid production goals.

[0054] FIG. 5 is a flow chart 500 of example functions associated with centralized control of
the ESPs when the motor controller and centralized computer system are running respective deep
learning models. In these examples, the deep learning model associated with the centralized
computer system may be referred to as a reservoir model. The reservoir model (also referred to
herein as a field model) is a deep learning model describing fluid flows and geologic properties
among a plurality of wellbores in which the ESPs are deployed and properties of reservoir rocks
that connect those wellbores. The reservoir model is distinguishable from the deep learning
model running on the motor controller which may model flows and geologic properties of a
specific well and/or determines operating parameters for a specific type ESP. The deep learning
model running on the motor controller is an ESP/wellbore specific deep learning model which
operates adjunct to the reservoir model.

[0055] At 502, the ESP/wellbore specific model running on the motor controller may receive
one or more inputs. The one or more inputs includes one or more of operating conditions,
application input, supervisory input, model inputs, classification state, and a goal set received via
the communication network or by the sensors.

[0056] At 504, the ESP/wellbore specific model running on the motor controller may output

one or more of operating parameters, operating conditions, and/or a classification state of an ESP

12



10

15

20

25

30

WO 2020/117253 PCT/US2018/064338

based on the various inputs. The ESP/wellbore specific model may model behavior of the
wellbore associated with the motor controller.

[0057] At 506, the reservoir model running on the centralized computer system may receive one
or more inputs. The one or more inputs into this reservoir model may include the operating
conditions, application input, supervisory input, model inputs, and a goal set. The inputs may be
received via from the ESP/wellbore specific model running on the motor controller, sensors,
and/or the centralized computer system itself.

[0058] At 508, the reservoir model running on the centralized computer outputs one or more
of operating parameters, operating conditions, and/or a classification state of an ESP which are
pushed to one or more ESPs via the communication network. For example, the reservoir model
running on the centralized computer system may determine operating parameters which are
output based on the one or more inputs. In one or more examples, the reservoir model running
on the centralized computer system may refine and/or confirm the operating parameters provided
by the motor controller based on the other inputs to generate the operating parameters which are
output to the ESP.

[0059] At 510, the motor controller may adjust operation of a respective ESP based on the
outputs pushed by the centralized computer system. For example, the operating condition output
may indicate that an ESP is gas locked. The motor controller changes an operating mode of the
ESP to Gas Lock mode so that a motor speed of the ESP is reduced. As another example, the
operating condition output may indicate a flow rate at the well head. The flow rate may be lower
than expected which causes the drive controller to adjust the frequency setpoint of the ESP to
increase flow rate at the well head in the future. The ESP in turn increases speed of the motor to
pump more fluid. As yet another example, the operating condition may be input into the deep
learning model associated with the motor controller whose output is used to determine the
operating parameter to control the ESP. The motor controller may adjust operation of the motor
in a manner which does not damage the ESP.

[0060] To illustrate the centralized control, an adjunct model running on the motor controller
may determine an operating condition of the ESP such as a fluid production level. The motor
controller may send the operating condition to the centralized computer system. The centralized
computer system may receive this operating condition. The reservoir model running on the
centralized computer system may determine an operating parameter of the motor such as motor
speed to maintain this production level and send the operating parameter to the motor controller.
The motor controller may receive this operating parameter. The motor controller may operate

the motor based on the operating parameter so long as the motor is not damaged. If running the
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motor at the operating parameter would damage the motor, then the motor controller will not
change operation of the motor.

[0061] The operating parameters output may produce not only a desired change in fluid
production of a given ESP but also a desired change in fluid production rate for the reservoir.
For example, the operating parameters output may be used to adjust operation of an ESP such as
a motor speed to change a fluid production level in the reservoir immediately or in the future.
Operation of the ESPs may be adjusted to meet other fluid production goals as well. For
example, if the operating condition output is fluid production of reservoir which does not meet
production goals in a month, the ESPs may be controlled to increase pumping to meet the
production goals. A motor speed of the motor associated with the ESP may be increased to
increase the pumping. As another example, if the operating condition output is fluid production
of reservoir which exceeds production goals in a month, the ESPs may be controlled to reduce
pumping to meet the production goals. A motor speed of the motor associated with the ESP may
be decreased to decrease the pumping. As another example, if the operating condition output
indicates flow rate is more or less than a threshold amount, the speed of the ESP may be
increased to increase or decrease a flow rate, respectively. As yet another example, the
production rate may be adjusted to maintain a specified reservoir pressure or motor voltage or
frequency may be adjusted to maximize ESP efficiency.

[0062] In one or more examples, the deep learning model may not only output a current
operating condition. The deep learning model may output a prediction of an operating condition
at some future time. To illustrate, the deep leaming model may output an operating condition
such as flow rate or gas lock an hour in the future or a day in the future. This output may be
used to know an operating condition before it becomes an actual operating condition so that
changes in ESP operation may be made.

[0063] In one or more examples, the motor controller associated with an ESP may not have a
deep learning model. Instead, the ESP may provide measurement data from one or more sensors
to the deep learning model on the centralized computer system and receive from the centralized
computer system the operating parameters, operating conditions, and/or a classification state of
the ESP. The motor controller may then operate the motor based on output from the centralized
computer system also without executing any deep learning model.

[0064] FIG. 6 illustrates a simplified block diagram 600 associated with distributed control
of ESPs. The block diagram includes ESPs 650 each having a motor controller 602 and
respective motor 604, the centralized computer system 606, and the plurality of sensors 608.

The motor controllers 602 may be communicatively coupled to the centralized computer system
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606 via the communication network 610. The motor controller 602 may have a respective deep
learning model 612 for determining one or more of operating parameters, operating conditions,
and/or a classification state of the ESP 650 which were previously provided by the centralized
computer system 606 in the centralized control example to control the ESP 650. The deep
learning model running on the motor controller 602 may be referred to as a submodel or deep
learning submodel. The submodel is a deep learning model corresponding to a portion of a
reservoir model. The submodel models fluid flows and geologic properties of a respective
wellbore. Unlike the deep learning model running on the motor controller in centralized control,
the submodels have mathematical properties such that the modeling is optimized for the
respective wellbore and then the separate optimizations can be combined to form a single
optimization of the entire reservoir. The single optimization in one or more examples may be
equivalent to the reservoir model. Further, the submodel running on the motor controller 602 in
distributed control may control the ESP 650 itself compared to the deep learning model running
on the motor controller in centralized control which operates adjunct to the deep leaming model
running on the centralized computer system control. The deep learning model running on the
motor controller and centralized computer system together control the ESP in centralized control.
[0065] In this regard, the distributed control of the ESP 650 implies that one or more of
operating parameters, operating conditions, and/or a classification state are determined by the
motor controller 602 via a deep learning model and not the centralized computer system 606.
The centralized computer system 606 may not have a deep learning model for purposes of
controlling operation of the ESP 650. The motor controller 612 may determine one or more
operating parameters, operating conditions, and/or a classification state for a respective ESP 650
and resulting fluid pumped by the such that computational loads on the centralized computer
system 606 is reduced. Because each of the ESP 650 has a submodel, the distributed control
provides fault tolerance compared to the centralized control which relies on reliable operation of
the centralized computer system 606. Failure of one motor controller will still allow control of
the other ESPs. The distributed control also provides quicker response time since control
decisions are being performed on the ESP 650 rather than centralized computer system 606. The
distributed control also uses less bandwidth since communication with the centralized computer
system 606 to control the ESP 650 is less. The distributed control provides fault tolerance
compared to the centralized control which relies on reliable operation of the central computer
system.

[0066] The distributed control also enables fine grained control of an ESP 650. For example,

the centralized computer system 606 may send updates to the submodel due to changes in well
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conditions which the motor controller 602 may use to update a respective submodel 612. The
update may result in the submodel providing outputs which allow for better control of the ESP to
meet fluid production goals. As another example, the submodel associated with a given motor
controller can be updated by the given motor controller, or another motor controller may send
updates to the given motor controller to update the submodel associated with the given motor
controller. Other variations are also possible.

[0067] FIG. 7 is a flow chart of functions 700 associated with distributed control of the ESPs
when the motor controller is running a respective deep learning model, i.¢., submodel.

[0068] At 702, a submodel of a reservoir model running on the motor controller of an ESP
may receive one or more inputs including the operating conditions, application input,
supervisory input, model inputs, classification state, and a goal set via the communication
network. In one or more examples, the operating conditions and/or model inputs may be
received from other motor controllers running other submodels. For example, a submodel
associated with a given motor controller may take as input, an output of a submodel associated
with another motor controller. The application input, supervisory input, and goal set may be
received from the centralized computer system via the communication network. The inputs may
be received in other ways as well.

[0069] At 704, the submodel may output based on the one or more inputs, one or more
operating parameters, operating conditions, and/or a classification state for controlling an ESP.
[0070] At 706, the motor controller may adjust operation of a respective motor based on the
output of the submodel. With the output, operation of the ESP may be adjusted to meet fluid
production goals of the wellbore in the present or in the future. Each wellbore in a well system
have a motor controller which adjusts operation of a respective motor based on a submodel. In
this regard, control by the plurality of motor controllers using a respective submodel may
facilitate fluid production of a well system served by the plurality of wellbores. In one or more
examples, the motor controller may also send the output of the submodel to the centralized
computer, ¢.g., for tracking purposes by software running on the centralized computer system
and/or by engineering personnel.

[0071] To illustrate the distributed control, a submodel running on the motor controller may
determine an operating condition of the ESP such as a fluid production level. The motor
controller also receives other operating conditions from other motor controllers associated with
other wellbores in the reservoir. The submodel may receive as input the other operating
conditions and the operating condition previously determined by the submodel to determine an

operating parameter of the ESP. The motor controller may operate the motor based on this
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operating parameter. Additionally, the motor controller may send an indication of the operating
parameter to the centralized computer system.

[0072] The motor controller and centralized computer system may have software for training the
deep learning model. Based on the training, the deep learning model may output desired
operating parameters, operating conditions, and/or classification state associated with the ESP
based on one or more inputs for controlling the ESP to achieve the fluid production goals.
[0073] FIG. 8 illustrates a simplified block diagram 800 for training the deep learning
models. The block diagram 800 shows a plurality of motor controllers 802, a centralized
computer system 804, and a training database 806 in communication with each other via a
communication network 808 having a training dataset.

[0074] The plurality of motor controllers 802 may have software that implements model
training algorithms 808 for training the deep learning models based on training data stored in the
training dataset 806. The training process may use training data to train the deep learning model.
The training dataset may include one or more of operating conditions, application input,
supervisory input, model inputs, a goal set, and a classification state (collectively referred to as
training data) for training the deep learning model. The training of the deep learning model
involves splitting the training dataset stored in the training database 806 into various groups of
related data to generate the deep learning model. The groups of related data may be used, for
example, to weigh branches of respective neural networks which are then combined in a
hierarchical fashion to define the deep learning model. The weighting of the branches results in
the deep learning model modeling the well system and/or specific wellbore. Similarly, the
centralized computer system 806 may have software that implements model training algorithms
808 for training the deep learning models, ¢.g., reservoir model, submodel, and/or ESP/well
specific deep learning model (e.g., adjunct model which is not shown), based on training data
stored in the training dataset 806.

[0075] FIG. 9 is a flow chart of functions 900 associated with training the deep learning
model. The deep learning model may be the submodel, ESP/well specific deep leaming model,
and/or reservoir model. Functions 900 may be performed by the centralized computer system in
which case the training might be for the reservoir model. Altematively, functions 900 may be
performed by the motor controller in which case the training is for the submodel and/or ESP/well
specific deep learning model. In one or more examples, the submodel and/or ESP/well specific
deep learning model may be trained on the centralized computer system and then sent to the

respective motor controller to control the ESP.
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[0076] At 902, an initial deep leaming model may be defined. The initial deep leaming
model may be a neural network with more than two hidden layers. The initial deep learning
model may have default weights associated with the neural network which is to be adjusted via a
training process. At 904, the training dataset may be input into the initial deep learning model.
At 906, the deep leaming model may output one or more of operating parameters, operating
conditions, and a classification state. In the case, that the actual ESP is being controlled, the
deep learning model may be trained in real time with data from actual well operations. In the
case, that the simulated ESP is being controlled, the deep learning model may be trained offline
with the data from the simulated well operation. At 908, the output is compared to the goal set.
At 910, revisions of deep learning model may be made, e.g. by adaptation of the neural network
associated with the deep learning model, in an iterative process to refine the deep learning model
by the comparison of the output to the goal data. For example, the comparison may be classified
in terms of a level of match such as correlation. If the correlation is less than a threshold
amount, further analysis may be undertaken, ¢.g. the deep learning model may be adapted by
adjusting the weights of the neural network, either by the model itself or by another process or
by human intervention until the output matches the goal data. The training data may be input
into the deep learning model and steps 904 to 910 iteratively carried out until the output matches
the goal data. Further, the model training process may be performed in a piecewise manner
where the deep learning model may be adapted based on splitting the training data into various
groups of related data and using the split training data to adapt the model. Other model training
algorithms may also be used.

[0077] Further, the deep learning models may be updated periodically or continuously based
on updated training data. The updated training data may include recent measurement data from
the sensors and goal data that reflects the equipment conditions and/or downhole conditions as a
result of pumping fluid from the reservoir. The more than two layers of the deep learning model
allow for modeling the changing conditions in the wellbore over time. This way the deep
learning model continue to adapt to changing conditions in the wellbore so that the ESPs are
accurately controlled to meet fluid production goals.

[0078] In one or more examples, the central computer system may send submodel updates
via the communication network to the motor controller at given intervals of time. The submodel
updates may cause a submodel associated with a given wellbore to be updated to account for
changes in well conditions that might impact operating parameters output by the submodel. In
other cases, the submodel associated with a given motor controller can be updated by the given

motor controller, or another motor controller may send updates to the given motor controller to
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update the submodel associated with the given motor controller. In yet other cases, the
centralized computer system may also collect the submodels running on e¢ach of the motor
controllers via the communication network which are combined to form a reservoir model, for
reporting or monitoring purposes to engineering personnel via the centralized computer system.
[0079] FIG. 10 is a block diagram of apparatus 1000 (e.g., the centralized computer system
and/or motor controller) for controlling operation of one or more ESPs. The apparatus 1000
includes a processor 1002 (possibly including multiple processors, multiple cores, multiple
nodes, and/or implementing multi-threading, etc.). The apparatus 1000 includes memory 1004.
The memory 1004 may be system memory (¢.g., one or more of cache, SRAM, DRAM, zero
capacitor RAM, Twin Transistor RAM, eDRAM, EDO RAM, DDR RAM, EEPROM, NRAM,
RRAM, SONOS, PRAM, etc.) or any one or more other possible realizations of machine-
readable media.

[0080] The apparatus 1000 may also include a persistent data storage 1006. The persistent
data storage 1006 can be a hard disk drive, such as a magnetic storage device which stores one or
more of operating conditions, application input, supervisory input, model inputs, and a goal set.
The computer system also includes a bus 1008 (e.g., PCIL, ISA, PCI-Express) and a network
interface 1010 in communication with the other ESPs and/or central computer system. The
apparatus 1000 may have ESP control 1012 with an ESP/well specific deep learning model 1016,
deep learning reservoir model 1018, and/or deep learning submodel 1020 which receives one or
more inputs and outputs one or more operating conditions, operating parameters, and/or
classification state to facilitate control of an ESP as described above.

[0081] The apparatus 1000 may further comprise a user interface 1014. The user interface
1014 may include a display such as a computer screen or other visual device to show operating
parameters, operating conditions, classifications etc. associated with an ESP for review by
engineering personnel. The user interface 1014 may also include an input device such as a
mouse, keyboard. In the case that the apparatus 1000 is a centralized computer system, the input
device may receive the supervisory input and/or application input from engineering personnel.
Other types of input may also be received.

[0082] The apparatus 1000 may implement any one of the previously described
functionalities partially (or entirely) in hardware and/or software (e.g., computer code, program
instructions, program code) stored on a machine readable medium/media. In some instances, the
software is executed by the processor 1002. Further, realizations can include fewer or additional
components not illustrated in Figure 10 (¢.g., video cards, audio cards, additional network

interfaces, peripheral devices, etc.). The processor 1002 and the network interface 1010 are
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coupled to the bus 1008. Although illustrated as being coupled to the bus 1008, the memory
1004 can be coupled to the processor 1002,

[0083] The functionality of the motor controller and centralized computer system described
above is exemplary in nature. Specific functionality of the motor controller and centralized
computer system may depend on a level by which the control of the ESP is centralized or
distributed. A more distributed system will have more functionality for determining how the
ESP is controlled on the motor controller, with a fully distributed system having all of the
functionality on the controller, while a more centralized system will have more functionality on
the centralized computer system and less on the motor controller, with the other extreme being a
motor controller that simply executes operations given by the centralized computer system.
Also, in some instances, the motor controller might have a well-specific deep learning model, a
submodel derived from a field or reservoir model, or no model at all. Yet other variations are
also possible.

[0084]  An adjunct deep learning model is described as operating on the motor controller in
centralized control of the ESP. In one or more examples, a submodel may operate on the motor
controller in centralized control instead of or in addition to the adjunct deep learning model. The
submodel may receive an operating parameter from the centralized computer system and change
the operating parameter to avoid damage to the ESP. As another example, the submodel may
receive an operating condition from the centralized computer system and determine an operating
parameter for the ESP based on the operating condition.

[0085] In one illustration, the reservoir model running on the centralized computer system may
determine an operating parameter of the ESP such as operate the motor at a speed of 65 Hz. The
centralized computer system may send this operating parameter to the motor controller. The
submodel running on the motor controller may receive this operating parameter and determine
that a speed of 65 Hz would damage the motor. The submodel may decide to reduce the speed to
60 Hz and the motor controller may causes the motor to operate at that speed. The submodel
may be able to override the operating parameter sent by the centralized computer system, unlike
the adjunct model which might not be able to override an operating parameter sent by the
centralized computer system. In some instances, the motor controller may also send a message
to the centralized computer system informing it that the speed was reduced.

[0086] In another illustration, the reservoir model running on the centralized computer system
may determine an operating condition of the ESP such as increase fluid production by 10%. The
centralized computer system may send this operating condition to the motor controller. The

motor controller may receive this operating condition. The submodel running on the motor
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controller may determine a speed of the motor which will achieve the increase in the fluid
production and cause the motor to operate at that speed. The submodel may be able determine
the operating parameter unlike the adjunct model which might not be able to determine the
operating parameter based on an operating condition. The motor controller may operate the
motor based on the operating parameter. In some instances, the motor controller may also send a
message to the centralized computer system informing it of the speed at which the motor is
running.

[0087] The flowcharts are provided to aid in understanding the illustrations and are not to be
used to limit scope of the claims. The flowcharts depict example operations that can vary within
the scope of the claims. Additional operations may be performed; fewer operations may be
performed; the operations may be performed in parallel; and the operations may be performed in
a different order. It will be understood that each block of the flowchart illustrations and/or block
diagrams, and combinations of blocks in the flowchart illustrations and/or block diagrams, can
be implemented by program code. The program code may be provided to a processor of a
general purpose computer, special purpose computer, or other programmable machine or
apparatus.

[0088] As will be appreciated, aspects of the disclosure may be embodied as a system,
method or program code/instructions stored in one or more machine-readable media.
Accordingly, aspects may take the form of hardware, software (including firmware, resident
software, micro-code, etc.), or a combination of software and hardware aspects that may all

9 <

generally be referred to herein as a “circuit,” “module” or “system.” The functionality presented
as individual modules/units in the example illustrations can be organized differently in
accordance with any one of platform (operating system and/or hardware), application ecosystem,
interfaces, programmer preferences, programming language, administrator preferences, etc.
[0089] Any combination of one or more machine readable medium(s) may be utilized. The
machine readable medium may be a machine readable signal medium or a machine readable
storage medium. A machine readable storage medium may be, for example, but not limited to, a
system, apparatus, or device, that employs any one of or combination of non-transitory
electronic, magnetic, optical, electromagnetic, infrared, or semiconductor technology to store
program code. More specific examples (a non-exhaustive list) of the machine readable storage
medium would include the following: a portable computer diskette, a hard disk, a random access
memory (RAM), a read-only memory (ROM), an erasable programmable read-only memory
(EPROM or Flash memory), a portable compact disc read-only memory (CD-ROM), an optical

storage device, a magnetic storage device, or any suitable combination of the foregoing. In the
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context of this document, a machine readable storage medium may be any tangible medium that
can contain, or store a program for use by or in connection with an instruction execution system,
apparatus, or device. A machine readable storage medium is not a machine readable signal
medium.

[0090] A machine readable signal medium may include a propagated data signal with
machine readable program code embodied therein, for example, in baseband or as part of a
carrier wave. Such a propagated signal may take any of a variety of forms, including, but not
limited to, electro-magnetic, optical, or any suitable combination thereof. A machine readable
signal medium may be any machine readable medium that is not a machine readable storage
medium and that can communicate, propagate, or transport a program for use by or in connection
with an instruction execution system, apparatus, or device.

[0091] Program code embodied on a machine readable medium may be transmitted using
any appropriate medium, including but not limited to wireless, wireline, optical fiber cable, RF,
etc., or any suitable combination of the foregoing.

[0092] Computer program code for carrying out operations for aspects of the disclosure may
be written in any combination of one or more programming languages, including an object
oriented programming language such as the Java® programming language, C++ or the like; a
dynamic programming language such as Python; a scripting language such as Perl programming
language or PowerShell script language; and conventional procedural programming languages,
such as the "C" programming language or similar programming languages. The program code
may execute entirely on a stand-alone machine, may execute in a distributed manner across
multiple machines, and may execute on one machine while providing results and or accepting
input on another machine.

[0093] The program code/instructions may also be stored in a machine readable medium that
can direct a machine to function in a particular manner, such that the instructions stored in the
machine readable medium produce an article of manufacture including instructions which
implement the function/act specified in the flowchart and/or block diagram block or blocks.
[0094] While the aspects of the disclosure are described with reference to various
implementations and exploitations, it will be understood that these aspects are illustrative and
that the scope of the claims is not limited to them. In general, techniques for distributed and
centralized control of ESPs as described herein may be implemented with facilities consistent
with any hardware system or hardware systems. Many variations, modifications, additions, and

improvements are possible.
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[0095] Plural instances may be provided for components, operations or structures described
herein as a single instance. Finally, boundaries between various components, operations and
data stores are somewhat arbitrary, and particular operations are illustrated in the context of
specific illustrative configurations. Other allocations of functionality are envisioned and may
fall within the scope of the disclosure. In general, structures and functionality presented as
separate components in the example configurations may be implemented as a combined structure
or component. Similarly, structures and functionality presented as a single component may be
implemented as separate components. These and other variations, modifications, additions, and
improvements may fall within the scope of the disclosure.

[0096] Use of the phrase “at least one of” preceding a list with the conjunction “and” should
not be treated as an exclusive list and should not be construed as a list of categories with one
item from each category, unless specifically stated otherwise. A clause that recites “at least one
of A, B, and C” can be infringed with only one of the listed items, multiple of the listed items,
and one or more of the items in the list and another item not listed.

Example Embodiments

[0097] Example embodiments include the following:

[0098] Embodiment 1: A method comprising: positioning a motor of an ESP in a wellbore;
receiving measurement data from one or more sensors; determining, by a deep learning model
running on a motor controller associated with the ESP, operating parameters or operating
conditions of the ESP based on the measurement data; and adjusting, by the motor controller,
operation of the motor of the ESP based on the determined operating parameters or determined
operating conditions.

[0099] Embodiment 2: The method of Embodiment 1, wherein adjusting operation comprises
adjusting a frequency setpoint of a motor to change fluid production in a geologic formation.
[0100] Embodiment 3: The method of Embodiment 1 or 2, wherein the deep learning model
is a neural network with more than two hidden layers.

[0101] Embodiment 4: The method of any one of Embodiments 1-3, wherein the determined
operating conditions are first operating conditions; the method further comprising determining,
by the deep learning model running on the motor controller, second operating conditions
associated with fluid production in a geologic formation based on input of the first operating
conditions into the deep learning model.

[0102] Embodiment 5: The method of any one of Embodiments 1-4, further comprising

comparing the determined operating parameters or determined operating conditions to respective
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goal data and adjusting one or more weights of a branch of the deep learning model based on the
comparison.

[0103] Embodiment 6: The method of any one of Embodiments 1-5, wherein receiving
measurement data comprises receiving measurement data from a virtual sensor, the virtual sensor
comprising output from a mathematical model which models multiphase fluid flow.

[0104] Embodiment 7: The method of any one of Embodiments 1-6, wherein the determined
operating parameters indicate a frequency setpoint of a motor.

[0105] Embodiment 8: The method of any one of Embodiments 1-7, wherein the determined
operating conditions are first operating conditions and the deep learning model is first deep
learning model, the method further comprising receiving second operating conditions from a
second deep learning model associated with another motor controller; and wherein determining,
by the first deep learning model, the first operating conditions comprises inputting the second
operating conditions into the first deep learning model.

[0106] Embodiment 9: The method of any one of Embodiments 1-8, wherein respective
sensors are positioned in respective wellbores; wherein the respective sensors output respective
measurement data; and wherein determining the operating parameters or operating conditions for
the ESP comprises inputting the respective measurement data into the deep learning model
without normalization.

[0107] Embodiment 10: A system comprising: one or more sensors; an ESP comprising a
motor controller and a motor; a processor; memory program code stored in memory and
executable by the processor to perform the functions of: receiving measurement data from the
one or more sensors; determining, by a deep learning model running on the motor controller,
operating parameters or operating conditions of the ESP based on the measurement data; and
adjusting, by the motor controller, operation of the motor of the ESP based on the determined
operating parameters or operating conditions.

[0108] Embodiment 11: The system of Embodiment 10, wherein the program code to adjust
operation comprises program code to adjust a frequency setpoint of the motor to change fluid
production in a geologic formation.

[0109] Embodiment 12: The system of Embodiment 10 or 11, wherein the deep learning
model is a neural network with more than two hidden layers.

[0110] Embodiment 13: The system of any one of Embodiment 10-12, wherein the
determined operating conditions are first operating conditions; the system further comprising

program code to determine, by the deep learning model running on the motor controller, second
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operating conditions associated with fluid production in a geologic formation based on the first
operating conditions.

[0111] Embodiment 14: The system of any one of Embodiment 10-13, further comprising
program code to compare the determined parameters or operating conditions to respective goal
data and adjust one or more weights of a branch of a neural network of the deep learning model
based on the comparison.

[0112] Embodiment 15: The system of any one of Embodiment 10-14, wherein the
determined operating conditions indicate a future operating condition of the ESP.

[0113] Embodiment 16: The system of any one of Embodiment 10-15, wherein the
determined operating parameters indicate a frequency setpoint of the motor.

[0114] Embodiment 17: The system of any one of Embodiment 10-16, wherein the
determined operating conditions are first operating conditions and the deep learning model is
first deep learning model, the system further comprising program code to receive second
operating conditions from a second deep learning model associated with another motor
controller; and wherein the program code to determine, by the first deep learning model, the first
operating conditions comprises program code to input the second operating conditions into the
first deep leaming model.

[0115] Embodiment 18: The system of any one of Embodiment 10-17, wherein the second
operating conditions include a fluid flow rate.

[0116] Embodiment 19: A non-transitory machine readable medium containing program
instructions to perform the functions of’ positioning a motor of an ESP in a wellbore; receiving
measurement data from one or more sensors; determining, by a deep learning model running on
a motor controller associated with the ESP, operating parameters or operating conditions of the
ESP based on the measurement data; and adjusting, by the motor controller, operation of a motor
of the ESP based on the determined operating parameters or operating conditions.

[0117] Embodiment 20: The non-transitory machine readable medium of Embodiment 19,

wherein the deep learning model is a neural network with more than two hidden layers.
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WHAT IS CLAIMED IS:

1. A method comprising:

positioning a motor of an ESP in a wellbore;

receiving measurement data from one or more sensors;

determining, by a deep learning model running on a motor controller associated with the
ESP, operating parameters or operating conditions of the ESP based on the measurement data;
and

adjusting, by the motor controller, operation of the motor of the ESP based on the determined

operating parameters or determined operating conditions.

2. The method of claim 1, wherein the adjusting operation comprises adjusting a frequency

setpoint of a motor to change fluid production in a geologic formation.

3. The method of claim 1, wherein the deep learning model is a neural network with more

than two hidden layers.

4. The method of claim 1, wherein the determined operating conditions are first operating
conditions; the method further comprising determining, by the deep learning model running on
the motor controller, second operating conditions associated with fluid production in a geologic

formation based on input of the first operating conditions into the deep learning model.

5. The method of claim 1, further comprising comparing the determined operating
parameters or determined operating conditions to respective goal data and adjusting one or more

weights of a branch of the deep learning model based on the comparison.

6. The method of claim 1, wherein receiving measurement data comprises receiving
measurement data from a virtual sensor, the virtual sensor comprising output from a

mathematical model which models multiphase fluid flow.

7. The method of claim 1, wherein the determined operating parameters indicate a

frequency setpoint of a motor.

8. The method of claim 1, wherein the determined operating conditions are first operating

conditions and the deep learning model is first deep learning model, the method further
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comprising receiving second operating conditions from a second deep learning model associated
with another motor controller; and wherein determining, by the first deep learning model, the
first operating conditions comprises inputting the second operating conditions into the first deep

learning model.

9. The method of claim 1, wherein respective sensors are positioned in respective wellbores;
wherein the respective sensors output respective measurement data; and wherein determining the
operating parameters or operating conditions for the ESP comprises inputting the respective

measurement data into the deep learning model without normalization.

10. A system comprising:
one or more sensors;
an ESP comprising a motor controller and a motor;
a processor;
memory
program code stored in memory and executable by the processor to perform the functions
of:
receiving measurement data from the one or more sensors;
determining, by a deep learning model running on the motor controller, operating
parameters or operating conditions of the ESP based on the measurement data; and
adjusting, by the motor controller, operation of the motor of the ESP based on the

determined operating parameters or operating conditions.

11. The system of claim 10, wherein the program code to adjust operation comprises
program code to adjust a frequency setpoint of the motor to change fluid production in a

geologic formation.

12. The system of claim 10, wherein the deep learning model is a neural network with more

than two hidden layers.

13. The system of claim 10, wherein the determined operating conditions are first operating
conditions; the system further comprising program code to determine, by the deep learning
model running on the motor controller, second operating conditions associated with fluid

production in a geologic formation based on the first operating conditions.
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14. The system of claim 10, further comprising program code to compare the determined
parameters or operating conditions to respective goal data and adjust one or more weights of a

branch of a neural network of the deep learning model based on the comparison.

15. The system of claim 10, wherein the determined operating conditions indicate a future

operating condition of the ESP.

16. The system of claim 10, wherein the determined operating parameters indicate a

frequency setpoint of the motor.

17. The system of claim 10, wherein the determined operating conditions are first operating
conditions and the deep learning model is first deep learning model, the system further
comprising program code to receive second operating conditions from a second deep learning
model associated with another motor controller; and wherein the program code to determine, by
the first deep learning model, the first operating conditions comprises program code to input the

second operating conditions into the first deep learning model.

18. The system of claim 17, wherein the second operating conditions include a fluid flow
rate.
19. A non-transitory machine readable medium containing program instructions executable

by a processor to perform the functions of’

positioning a motor of an ESP in a wellbore;

receiving measurement data from one or more sensors;

determining, by a deep learning model running on a motor controller associated with the
ESP, operating parameters or operating conditions of the ESP based on the measurement data;
and

adjusting, by the motor controller, operation of a motor of the ESP based on the

determined operating parameters or operating conditions.

20.  The non-transitory machine readable medium of claim 19, wherein the deep leaming

model is a neural network with more than two hidden layers.
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702
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704

Adjusting by the motor controller operation of a respective motor based on the

output of the deep leaming submodel
706

/

700

FIG.7



PCT/US2018/064338

WO 2020/117253

8/10

Jajjonuo)
IOJOI\

8 Old

808"

Jlonlasal-wyjioby
uoI}oNIISUO?) |1SPON

|Jspow

wo)sAg

pog—|4INdwoy pazijenuad

ﬂ

Yom}eN

808 uoledliuNwWwo)

808

208"

Ja|jjonuon
JOJON

N\

aseqgele(q
Buiures|

\

908

808"

208"

)

|[opowgns-wyjlioby
uonoONASUOD [OPOIN

Ja|jjonuon
JOJON




WO 2020/117253 PCT/US2018/064338

910

Define initial deep learning model
902

l

Input training data into the deep learning model
904

v

QOutput by the deep learning model one or more of operating parameters,
operating conditions, and state classification
906

v

Compare output to goal set
908

'

Revise the deep learning model based on the comparison
910

/

900

FIG.9



WO 2020/117253 PCT/US2018/064338

1010
1000
Network
Interface
Processor 1010
Unit
1002
Bus
j Persistent
Storage
1006
Memory —
1004
1008
Deep leamning
submodel
1016
j J— User Interface
ESP Control 1014
- 1012
Deep learning
reservior model
1018
ESP/Well

specific deep
learning model
1020

FIG. 10



INTERNATIONAL SEARCH REPORT International application No.
PCT/US2018/064338

A. CLASSIFICATION OF SUBJECT MATTER
E21B 43/12(2006.01)i, E21B 41/00(2006.01)i, GO6N 20/00(2019.01)i, F04B 49/06(2006.01)i

According to International Patent Classification (IPC) or to both national classification and [PC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)
E21B 43/12; E21B 47/00; F04D 13/10; GO5B 19/416; GO5D 7/06; GO6N 3/08; G06Q 10/06; E21B 41/00; GO6N 20/00; FO4B 49/06

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched
Korean utility models and applications for utility models
Japanese utility models and applications for utility models

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)
cKOMPASS(KIPO internal) & keywords: electric submersible pump, sensor, measurement data, controller, deep learning model,
operating condition

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category™ Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.

X US 2015-0241881 A1 (SCHLUMBERGER TECHNOLOGY CORPORATION) 27 August 2015 1-5,7-20
See paragraphs [0053], [0069], [0071], [0076]-[0077], [0131]-[0133], [0151]
and figures 3-4, 10.

Y US 2003-0015320 A1 (CROSSLEY, ALEXANDER) 23 January 2003 6
See paragraphs [0029], [0032] and figure 3.

A US 2016-0265341 A1 (SCHLUMBERGER TECHNOLOGY CORPORATION) 15 September 2016 1-20
See paragraphs [0045]-[0047].

A US 2008-0306892 A1 (CROSSLEY et al.) 11 December 2008 1-20
See claim 1 and figure 1.

A WO 2015-179775 A1 (SCHLUMBERGER CANADA LIMITED et al.) 26 November 2015 1-20
See paragraph [0191] and figure 15.

. . . . N .
|:| Further documents are listed in the continuation of Box C. See patent family annex.
* Special categories of cited documents: "T" later document published after the international filing date or priority
"A" document defining the general state of the art which is not considered date and not in conflict with the application but cited to understand
to be of particular relevance the principle or theory underlying the invention
"E" carlier application or patent but published on or after the international "X" document of particular relevance; the claimed invention cannot be
filing date considered novel or cannot be considered to involve an inventive
"L"  document which may throw doubts on priority claim(s) or which is step when the document is taken alone
cited to establish the publication date of another citation or other "Y" document of particular relevance; the claimed invention cannot be
special reason (as specified) considered to involve an inventive step when the document is
"O" document referring to an oral disclosure, use, exhibition or other combined with one or more other such documents,such combination
means being obvious to a person skilled in the art
"P"  document published prior to the international filing date but later "&" document member of the same patent family
than the priority date claimed
Date of the actual completion of the international search Date of mailing of the international search report
06 September 2019 (06.09.2019) 06 September 2019 (06.09.2019)
Name and mailing address of the [SA/KR Authorized officer

International Application Division

Korean Intellectual Property Office PARK, Tae Wook
189 Cheongsa-ro, Seo-gu, Daejeon, 35208, Republic of Korea

A,

Facsimile No. +82-42-481-8578 Telephone No. +82-42-481-3405 . ‘

Form PCT/ISA/210 (second sheet) (January 2015)



INTERNATIONAL SEARCH REPORT
Information on patent family members

International application No.

PCT/US2018/064338
Patent document Publication Patent family Publication
cited in search report date member(s) date
US 2015-0241881 Al 27/08/2015 GB 2514026 A 12/11/2014
US 2013-0175030 Al 11/07/2013
US 9057256 B2 16/06/2015
US 9720424 B2 01/08/2017
WO 2013-106593 Al 18/07/2013
US 2003-0015320 Al 23/01/2003 CA 2394071 Al 23/01/2003
CA 2394071 C 07/11/2006
EP 1279794 Al 29/01/2003
EP 1279794 B1 06/05/2009
US 6585041 B2 01/07/2003
US 2016-0265341 Al 15/09/2016 CA 2927234 Al 21/05/2015
GB 2538371 A 16/11/2016
WO 2015-073626 Al 21/05/2015
US 2008-0306892 Al 11/12/2008 CA 2689544 Al 18/12/2008
CA 2689544 C 11/03/2014
CN 101680793 A 24/03/2010
CN 101680793 B 02/05/2012
GB 2462562 A 17/02/2010
GB 2462562 B 22/05/2013
US 8082217 B2 20/12/2011
WO 2008-154584 Al 18/12/2008
WO 2015-179775 Al 26/11/2015 BR 112016024949 A2 15/08/2017
CA 2946135 Al 29/10/2015
CA 2949533 Al 26/11/2015
US 2017-0045055 Al 16/02/2017
US 2017-0089192 Al 30/03/2017
WO 2015-164681 Al 29/10/2015

Form PCT/ISA/210 (patent family annex) (January 2015)




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - claims
	Page 29 - claims
	Page 30 - claims
	Page 31 - drawings
	Page 32 - drawings
	Page 33 - drawings
	Page 34 - drawings
	Page 35 - drawings
	Page 36 - drawings
	Page 37 - drawings
	Page 38 - drawings
	Page 39 - drawings
	Page 40 - drawings
	Page 41 - wo-search-report
	Page 42 - wo-search-report

