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(57) Abstract: The disclosed embodiments include pump systems and methods to improve
pump load predictions of pumps. The method includes determining, in a neural network,
a pump load of a wellbore pump based on a physics based model of the pump load of
the wellbore pump. The method also includes obtaining a measured pump load of the
wellbore pump. After initiation of a pump cycle of the wellbore pump, the method further
includes predicting a pump load of the wellbore pump based on the physics based model,
performing a Bayesian Optimization to reduce a difference between a predicted pump load
and the measured pump load to less than a threshold value, and improving a prediction of
the pump load based on the Bayesian Optimization.
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PUMP SYSTEMS AND METHODS TO IMPROVE PUMP LOAD PREDICTIONS

Background

[0001] The present disclosure relates generally to pump systems and methods to improve pump
load predictions of wellbore pumps.

[0002] Downhole pump assemblies are sometimes deployed at well sites during hydrocarbon
production operations to pump hydrocarbon resources from a downhole region, upward, to the
surface. Simulations and models of such pump assemblies are sometimes developed and used to
predict the amount of hydrocarbon resources that are pumped to the surface. However, such
simulations and models are sometimes inaccurate and are not generated in real-time or near real-

time.

Brief Description of the Drawings

[0003] Nlustrative embodiments of the present disclosure are described in detail below with
reference to the attached drawing figures, which are incorporated by reference herein, and
wherein:

[0004] FIG. 1 is a schematic, side view of a production environment in which a sucker rod
pump is deployed near a wellbore to pump hydrocarbon resources from a region downhole to
the surface;

[0005] FIG. 2 is a flowchart of a process to improve a pump load of the sucker rod pump of FIG.
1; and

[0006] FIG. 3 is a block diagram of a pump system that is operable of performing operations
illustrated in the process of FIG. 2 to improve the pump load of a wellbore pump.

[0007] The illustrated figures are only exemplary and are not intended to assert or imply any
limitation with regard to the environment, architecture, design, or process in which different

embodiments may be implemented.
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Detailed Description

[0008] In the following detailed description of the illustrative embodiments, reference is made to
the accompanying drawings that form a part hereof. These embodiments are described in
sufficient detail to enable those skilled in the art to practice the invention, and it is understood
that other embodiments may be utilized and that logical structural, mechanical, electrical, and
chemical changes may be made without departing from the spirit or scope of the invention. To
avoid detail not necessary to enable those skilled in the art to practice the embodiments described
herein, the description may omit certain information known to those skilled in the art. The
following detailed description is, therefore, not to be taken in a limiting sense, and the scope of
the illustrative embodiments is defined only by the appended claims.

[0009] The present disclosure relates to pump systems and methods to improve pump load
predictions of wellbore pumps. As referred to herein, a wellbore pump includes any pump that
pumps hydrocarbon resources from a subterranean or subsurface location to the surface.
Examples of wellbore pumps include sucker rod pumps, beam pumps, artificial lifts, as well as
other types of pumps that pump hydrocarbon resources to the surface. The wellbore pump
includes a rod (e.g., a sucker rod) that alternatively moves downward into a wellbore and upward
towards the surface to pump hydrocarbon resources from a downhole region toward the surface,
where a downward motion of the sucker rod is hereafter referred to as a “down stroke™ and an
upward motion of the sucker rod pump is hereafter referred to as an “up stroke.” Further, the
combination of an up stroke and a subsequent down stroke immediately after the up stroke, or
alternatively, the combination of a down stroke and a subsequent up stroke immediately after the
down stroke is referred to as a pumping cycle. Further, the amount of hydrocarbon resources or
other fluids (e.g., formation fluids, treatment fluids, etc.) or particles a wellbore pump displaces
during a pumping cycle is hereafter referred to as a “pump load.” During production operations,
the wellbore pump engages in multiple pumping cycles to draw hydrocarbon resources to the
surface.

[0010] Mathematic Models incorporating physics, such as physics based models that predict the
pump load of a wellbore pump, are sometimes utilized to predict the pump load. Such
mathematical models utilize properties of the wellbore pump (e.g., the length of a sucker rod of
the wellbore pump, the displacement of the sucker rod, etc.) as input parameters of the respective
models to generate accurate predictions of the pump load. An example of a physics based model
that utilizes multiple properties of the wellbore pump are provided in the paragraphs below. After

the start of a pump cycle, a prediction of a pump load of the wellbore pump is made based on the
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physics based model. Further, the actual pump load is measured and a Bayesian Optimization is
performed to match the predicted pump load with the measured pump load. As referred to herein,
the predicted pump load matches the measured pump load if the difference between the predicted
pump load and the measured pump load is less than a threshold value (e.g., within a 10% variance,
a 5% variance, within an 1 % variance, 0% variance, or another threshold variance). More
particularly, a Bayesian Optimization of the pump load is a stochastic optimization using
Gaussian process regression analysis of the pump load that optimizes multiple parameters that
define the wellbore pump (e.g., stroke length of the rod, cross-sectional area of the rod, material
properties of the rod, etc.) to improve the prediction of the pump load to match the predicted pump
load with the measured pump load.

[0011] In some embodiments, the previously described operations to generate a model of the
pump load, predict the pump load, and to perform the Bayesian Optimization to match the
predicted pump load with the measured pump load are performed in a single framework of a
neural network to reduce to computation time of the foregoing operations and in real-time or near
real-time. More particularly, a neural network uses weights and bias to build a non-linear mapping
between the inputs and the outputs using layers with neurons. In some embodiments, one or more
parameters that define the wellbore pump (e.g., stroke length of the rod, pump cycle time, location
of the downward or upward stroke, etc.) are modified to match the predicted pump load with the
measured pump load. In some embodiments, historical values of the pump load (e.g., pump load
of a previous cycle, average pump load of a threshold number of previous cycles, etc.) are
analyzed, and one or more parameters of the Bayesian Optimization are adjusted based on the
historical values of the pump load to match the predicted pump load with the measured pump
load. In some embodiments, a simulated annealing technique is utilized to match the predicted
pump load with the measured pump load. In some embodiments, a genetic algorithm is utilized
to match the predicted pump load with the measured pump load. In some embodiments,
dynagraphs of the predicted and measured pump loads are also generated. In one or more of such
embodiments, comparisons of dynagraphs of the predicted pump load and the measured pump
load are generated and provided for display on an electronic device of an analyst for assessment
of the predicted and measured pump load. Additional descriptions of the foregoing systems and
methods to improve pump load predictions of wellbore pumps are described in the paragraphs
below and are illustrated in FIGS. 1-3.

[0012] Now turning to the figures, FIG. 1 is a schematic, side view of a production environment

100 in which a sucker rod pump 101 is deployed near a wellbore 106 to pump hydrocarbon
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resources from a region downhole to surface 108. In the embodiment of FIG. 1, a well 102 having
wellbore 106 extends from surface 108 of the well 102 to or through a subterranean formation
112. A casing 134 is deployed along wellbore 106 to insulate downhole tools and strings deployed
in casing 134, to provide a path for hydrocarbon resources flowing from subterranean formation
112, to prevent cave-ins, and/or to prevent contamination of subterranean formation 112. Casing
134 is normally surrounded by a cement sheath, which is deposited in an annulus between the
casing 134 and wellbore 106 to fixedly secure casing 134 to the wellbore 106 and to form a barrier
that isolates casing 134. Although not depicted, there may be layers of casing concentrically
placed in wellbore 106, each having a layer of cement or the like deposited thereabout.

[0013] In the illustrated embodiment, sucker rod pump 101 includes a pumping jack 190 having
ahorse head 194. A bridle 192 extends from horsehead 194 of pumping jack 190 and is coupled
to a polished rod 196. At a position further downhole, polished rod 196 is coupled to sucker rod
198. In some embodiments, sucker rod 198 includes steel rods that are screwed together to form
a continuous “string” that connects a pump 152 inside of a tubing string 116 to pumping jack 190.
As referred to herein, tubing string 116 refers to any conveyance having an annulus that provides
fluid flow from a downhole region to surface 108 or from surface 108 to a downhole region.
[0014] In the illustrated embodiment, pump 152 includes a barrel 160 and a moveable piston 164.
When pumping jack 190 is actuated, moveable piston 164 alternatively moves upward toward
surface 108 and downward away from surface 108 through barrel 160, thereby creating a pressure
within barrel 160. Further, a traveling valve 166 and a standing valve 168 are coupled to piston
164 and barrel 160 respectively. In the illustrated embodiment, traveling valve 166 is configured
to allow fluid flow upward through an annulus 148 of tubing string 116 toward surface 108 during
an up stroke of sucker rod 198, whereas standing valve 168 is configured to restrict fluid flow
downward out of barrel 160 during a down stroke. The continuous up stroke and down stroke of
sucker rod 198 allows fluids, such as hydrocarbon resources, to flow upward through annulus 148
toward surface 108. An outflow tube 186 is connected to tubing string 116 to provide a conduit
for fluids flowing toward surface 108 to flow out of tubing string 116, and into, for example, a
container (not shown) or a compartment configured to hold and store the fluid.

[0015] In the illustrated embodiment, a controller 184 operable to predict a pump load of sucker
rod pump 101 is located near sucker rod pump 101. As referred to herein, controller 184 may
include any electronic and/or optoelectronic device operable to predict a pump load of sucker rod
pump 101 and to perform a Bayesian Optimization to match the predicted pump load to the actual

pump load. In some embodiments, controller 184 is also housed in a temporary and/or permanent
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facility (not shown). In some embodiments, controller 184 is deployed at a remote location
relative to sucker rod pump 101. Additional operations of controller 184 are provided in the
paragraphs below. In some embodiments, controller 184 includes a storage medium containing
instructions for predicting the pump load of sucker rod pump 101. In one or more of such
embodiments, the storage medium also contains historical data of previous predictions and
measurements. In one or more of such embodiments, controller 184 also transmits data via
telemetry downhole to a downhole device or component, such as a downhole component of sucker
rod pump 101. In some embodiments, sucker rod pump 101 and controller 184 together form a
pump system. In one or more of such embodiments, controller 184 controls displacement of
sucker rod 198, actuation of piston 164 as well as other parameters to match the predicted pump
load with the measured pump load. Additional descriptions of operations performed to predict a
pump load of a sucker rod pump are provided in the paragraphs below.

[0016] Although FIG. 1 illustrates a sucker rod pump, in other embodiments, where a beam-
pump, an artificial lift, or another type of pump system having a rod that engages in alternative
up strokes and down strokes to pump fluids to the surface is deployed during production,
controller 184 is operable of performing operations described herein to match the predicted pump
load to the actual pump load. Further, although sucker rod pump 101 of FIG. 1 includes a polished
rod 196 and a sucker rod 198, in some embodiments, polished rod 196 and sucker rod 198 are
replaced by a single rod. Further, although sucker rod pump 101 of FIG. 1 utilizes a traveling
valve 166 and a standing valve 168 to facilitate and restrict fluid movement during up strokes and
down strokes, respectively, in other embodiments, sucker rod pump 101 utilizes a different
mechanism to pump fluid toward the surface. Further, although FIG. 1 illustrates controller 184
as above surface 108, in some embodiments, one or more components of controller 184 that are
operable of performing operations described herein to match the predicted pump load to the actual
pump load are deployed in downhole locations or at remote locations.

[0017] FIG. 2 is a flowchart of a process 200 to improve a pump load of sucker rod pump 101 of
FIG. 1. Although operations in the process 200 are shown in a particular sequence, certain
operations may be performed in different sequences or at the same time where feasible.

[0018] As described below, process 200 provides an intuitive way for predicting and improving
predicted pump loads of pumps, such as sucker rod pump 101 of FIG. 1. In some embodiments,
the process described below is performed in a single framework of a neural network, thereby
reducing the amount of time used to predict the pump load and to match the predicted pump load

to the measured pump load. In some embodiments, operations to predict the pump load and to

-5-



10

15

20

25

30

WO 2020/159525 PCT/US2019/016140

match the predicted pump load with the measured pump load are performed in real-time or near
real-time, thereby not only reducing the amount of time spent performing the operations, but also
allowing an analyst to analyze the predicted pump load and to match the predicted pump load to
the measured pump load in real-time or near real-time. The foregoing also allows the analyst to
make informed real-time or near real-time adjustments to correct human and machine errors,
thereby reducing the financial costs as well as safety hazards attributed to errors of the predicted
pump load.

[0019] At block S202, a pump load of a wellbore pump is determined based on a physics based
model of the pump load of the wellbore pump in a neural network. In some embodiments, a

physic based model of the pump load is expressed by the following equation:

[0020] EQ I: myy, +%*yt—(ayx) = —(1—9* [tht +%*Wt] —i* [mutt+%*

ut] + % * u, where m is a cross section of a rod of the wellbore pump multiplied by a density of

the rod, y is a transformed displacement, t is time, L is a length of the rod, x is a location of a
stroke of the rod, w is a rod displacement, u is a pump displacement, v is a damping factor, v is a
velocity of sound, and a is =144*g* A*E, where g is a gravitational constant, A is the cross section
of the rod, and E is equal to Young’s Modulus. In one or more of such embodiments, the boundary
conditions of the foregoing model are y=0 at x=0, y=0 at x=L, and y=0 at t=0V x. In one or more
of such embodiments, the inputs of EQ. 1 are X, t, w, and u and the physics based model is solved
in the neural network fory as a function of w and t. Further, a cost function of the physics based

model is expressed by the following equation:

[0021] EQ2: Costz\we = myy + % *ye — (ayy) = — (1 — %) * [mwtt + % * Wt] — % *
[mutt + % * ut] + % * U, where m is a cross section of a rod of the wellbore pump multiplied

by a density of the rod, y is a transformed displacement, t is time, L is a length of the rod, x is a
location of a stroke of the rod, w is a rod displacement, u is a pump displacement, v is a damping
factor, v is a velocity of sound, and a is =144*g* A*E, where g is a gravitational constant, A is the
cross section of the rod, and E is equal to Young’s Modulus.

[0022] At block S204, the start of a pumping cycle is determined and at block S206, a measured
pump load of the wellbore pump is determined. At block S208, the pump load of the wellbore
pump is predicted based on the physics based model. In some embodiments, the predicted pump
load is expressed by the following equation:

[0023] EQ 3: Apreqictea = —E * A (y(L,t) + (u(t) —w(t))) *x, where E is equal to
Young’s Modulus, A is a cross section of a rod of the wellbore pump, v is a transformed
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displacement, t is time, L is a length of the rod, w is a rod displacement, x is a location of a stroke
of the rod, and u is a pump displacement.

[0024] At block S210, a Bayesian Optimization is performed to reduce a difference between the
predicted pump load and the measured pump load to less than a threshold value. At block S212,
the prediction of the pump load is improved based on the Bayesian Optimization. In some
embodiments, a cost function of the Bayesian Optimization is used to reduce the difference
between the predicted pump load and the measured pump load to improve the prediction of the

pump load is expressed by the following equation:
[0025] EQ 4: Cost = | OT(}\,predicted — Agetermineay)?at> Where Apreqicteq 18 the predicted pump

load as expressed by EQ. 2, A etermineq 15 the measured pump load, and 7 is time.

[0026] In some embodiments, one or more parameters of the Bayesian Optimization are adjusted
to match the predicted pump load to the measured pump load. In some embodiments, a
displacement of the rod of the wellbore pump, such as sucker rod 198 of FIG. 1, is adjusted to
match the predicted pump load to the measured pump load. In one or more embodiments, the
cycle time of a pump cycleis adjusted (e.g., lengthened or shortened) to match the predicted pump
load to the measured pump load. In some embodiments, historical values of the pump load are
obtained and are used as values for one or more parameters of the Bayesian Optimization. For
example, where one historical value is an average cycle time of the 10 previous pumping cycles,
the average cycle time is used as the cycle time. In some embodiments, the processes performed
in blocks §202, S208, S210, and S212 are performed in a single frame work of the neural network
to reduce computation time. In some embodiments, a dynagraph of the pump cycle of the
wellbore pump is also generated.

[0027] At block S214, a determination of whether a prediction for another pump load should be
improved is made. If a determination to improve a prediction of a pump load of another cycle is
made, then the process returns to block S204. For example, if a determination is made to improve
the prediction of the pump load of the next cycle (a second pump load), a second measured pump
load is obtained. Further, after initiation of a second pump cycle of the wellbore pump, a
prediction of the second pump load of the wellbore pump is made based on the physics based
model, a second Bayesian Optimization is performed to reduce a difference between a second
predicted pump load and the second measured pump load to less than the threshold value, and the
prediction of the second pump load is improved based on the Bayesian Optimization.

[0028] In some embodiments, the foregoing operations to improve the prediction of the second

pump load are also performed in a single framework of the neural network. In some
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embodiments, the operations performed in blocks $204, S206, S208, S210, S212, and S214 are
repeated for a threshold number of cycles. Altematively, if a determination not to improve a
prediction of a pump load of another cycle is made, then the process ends. Further, the operations
in process 200 may also be performed to improve other types of wellbore pumps, such as, but not
limited to, beam pumps, artificial lifts, as well as other types of pump and pump systems that
utilize a rod or beam to displace hydrocarbon resources from a downhole location to the surface.
[0029] FIG. 3 is a block diagram of a pump system 300 that is operable of performing operations
illustrated in the process of FIG. 2 to improve the pump load of a wellbore pump, such as sucker
rod pump 101 of FIG. 1. Pump system 300 includes a storage medium 306 and one or more
processors 310. Storage medium 306 may be formed from data storage components such as, but
not limited to, read-only memory (ROM), random access memory (RAM), flash memory,
magnetic hard drives, solid state hard drives, CD-ROM drives, DVD drives, floppy disk drives,
as well as other types of data storage components and devices. In some embodiments, storage
medium 306 includes multiple data storage devices. In further embodiments, the multiple data
storage devices may be physically stored at different locations. In the embodiment of FIG. 1,
storage medium 306 and processors 310 are components of controller 184. In some embodiments,
storage medium 306 and processors 310 are stored remotely relative to each other.

[0030] Data associated with physics based models or other mathematical models for predicting a
pump load of a wellbore pump are stored at a first location 320 of storage medium 306. In one
or more embodiments, historical data of simulations of the pump load are also stored at first
location 320 of the storage medium 306. As shown in FIG. 3, instructions to determine, in a
neural network, the pump load based on a physics based model of the pump load of the wellbore
pump are stored in a second location 322. Further, instructions to obtain a measured pump load
of the wellbore pump are stored in a third location 324. Further, instructions to predict a pump
load of the wellbore pump based on the physics based model after initiation of a pump cycle are
stored at a fourth location 326. Further, instructions to perform a Bayesian Optimization to reduce
a difference between a predicted pump load and the measured pump load to less than a threshold
value are stored at a fifth location 328. Further, instructions to improve a prediction of the pump
load based on the Bayesian Optimization are stored at sixth location 332. Additional instructions
that are performed by processor 310 are stored in other locations of the storage medium 306.
[0031] The above-disclosed embodiments have been presented for purposes of illustration and to
enable one of ordinary skill in the art to practice the disclosure, but the disclosure is not intended

to be exhaustive or limited to the forms disclosed. Many insubstantial modifications and

-8-



10

15

20

25

30

WO 2020/159525 PCT/US2019/016140

variations will be apparent to those of ordinary skill in the art without departing from the scope
and spirit of the disclosure. For instance, although the flow charts depict a serial process, some
of the steps/processes may be performed in parallel or out of sequence, or combined into a single
step/process. The scope of the claims is intended to broadly cover the disclosed embodiments
and any such modification. Further, the following clauses represent additional embodiments of
the disclosure and should be considered within the scope of the disclosure:

[0032] Clause 1, a method to improve prediction of a pump load of a wellbore pump, the method
comprising determining, in a neural network, a pump load of a wellbore pump based on a physics
based model of the pump load of the wellbore pump; obtaining a measured pump load of the
wellbore pump; and after initiation of a pump cycle of the wellbore pump: predicting the pump
load of the wellbore pump based on the physics based model; performing a Bayesian Optimization
to reduce a difference between a predicted pump load and the measured pump load to less than a
threshold value; and improving a prediction of the pump load based on the Bayesian
Optimization.

[0033] Clause 2, the method of clause 1, wherein the physics based model of the pump load of

the wellbore pump is my; + cy, — (ayy) = — (1 — %) * [mwtt + % * Wt] — % * [mutt +

% * ut] + % * u, wherein m is a cross section of a rod of the wellbore pump multiplied by a

density of the rod, y is a transformed displacement, t is time, L is a length of the rod, x is alocation
of a stroke of the rod, w is a rod displacement, u is a pump displacement, y is a damping factor,
vis a velocity of sound, and a is =144*g*A*E, wherein g is a gravitational constant, A is the
cross section of the rod, and E is equal to Young’s Modulus.

[0034] Clause 3, the method of clause 2, wherein initial boundary conditions of the physics based
model are y=0 at x=0, y=0 at x=L, and y=0 at t=0V'x.

[0035] Clause 4, the method of clause 3, further comprising determining a cost function of the
physics based model, wherein the cost function is myg + ¢y, — (ayy) = — (1 — %) *
[mwtt +%*Wt] —%* [mutt +%*ut] +%*u.

[0036] Clause 5, the method of any one of clauses 1-4, wherein the predicted pump load is
Apreaictea = —E * A x (y(L,©) + (u(t) —w(t))) * x, wherein E is equal to Young’s Modulus,
A is a cross section of a rod of the wellbore pump, vy is a transformed displacement, t is time, L is
a length of the rod, x is a location of a stroke of the rod, and u is a pump displacement.

[0037] Clause 6, the method of clause S5, wherein performing the Bayesian Optimization

comprises adjusting one or more parameters for predicting the predicted pump load to reduce the
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difference between the predicted pump load and the measured pump load to less than the threshold
value.

[0038] Clause 7, the method of clause 6, wherein one of the one or more parameters is a
displacement of a polished rod of the wellbore pump, the method further comprising adjusting a
value of the displacement of the polished rod to reduce the difference between the predicted pump
load and the measured pump load to less than the threshold value.

[0039] Clause 8, the method of clauses 6 or 7, wherein one of the one or more parameters is cycle
time of the pump cycle, the method further comprising adjusting a value of the cycle time to
reduce the difference between the predicted pump load and the measured pump load to less than
the threshold value.

[0040] Clause 9, the method of any of clauses 6-8, further comprising determining a historical
value of the pump load, wherein performing the Bayesian Optimization comprises performing the
Bayesian Optimization based on the historical value of the pump load.

[0041] Clause 10, the method of any of clauses 1-9, wherein operations performed to solve the
physics based model, predict the pump load, perform the Bayesian Optimization, and improve the
prediction of the pump load are performed in a single framework of the neural network.

[0042] Clause 11, the method of any of clauses 1-10, further comprising generating a dynagraph
of the pump cycle of the wellbore pump.

[0043] Clause 12, the method of any of clauses 1-11, further comprising: obtaining a second
measured pump load of the wellbore pump; and after initiation of a second pump cycle of the
wellbore pump: predicting a second pump load of the wellbore pump based on the physics based
model; performing a second Bayesian Optimization to reduce a difference between a second
predicted pump load and the second measured pump load to less than the threshold value; and
improving a prediction of the second pump load based on the Bayesian Optimization.

[0044] Clause 13, a pump system, comprising: a wellbore pump having a rod; and one or more
processors operable to: determine, in a neural network, a pump load of the wellbore pump based
on a physics based model of the pump load of the wellbore pump; obtain a measured pump load
of the wellbore pump; and after a pump cycle of the wellbore pump has initiated: predict a pump
load of the wellbore pump based on the physics based model; perform a Bayesian Optimization
to reduce a difference between a predicted pump load and the measured pump load to less than a
threshold value; and improve a prediction of the pump load based on the Bayesian Optimization,

wherein operations performed to solve the physics based model, predict the pump load, perform
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the Bayesian Optimization, and improve the prediction of the pump load are performed in a single
framework of the neural network.

[0045] Clause 14, the pump system of clause 13, wherein the physics based model of the pump

load of the wellbore pump is my; + cy, — (ay,) = — (1 — %) * [mwtt + % * Wt] — % *

[mutt += ut] + % * u, wherein mis a cross section of a rod of the wellbore pump multiplied

2L
by a density of the rod, y is a transformed displacement, t is time, L is a length of the rod, x is a
location of a stroke of the rod, w is arod displacement, u is a pump displacement, y is a damping
factor, v is a velocity of sound, and a is =144*g* A*E, wherein g is a gravitational constant, A is
the cross section of the rod, and E is equal to Young’s Modulus.

[0046] Clause 15, the system of clauses 13 or 14, wherein the predicted pump load is A, eqictea =
—E« A« (y(L,t)+ (u(t) — W(t))) * x, wherein E is equal to Young’s Modulus, A is a cross
section of a rod of the wellbore pump, y is a transformed displacement, t is time, L is a length of
the rod, x is a location of a stroke of the rod, and u is a pump displacement.

[0047] Clause 16, the system of clause 15, wherein the processors are operable to adjust one or
more parameters for predicting the predicted pump load to reduce the difference between the
predicted pump load and the measured pump load to less than the threshold value.

[0048] Clause 17, the system of clause 16, wherein one of the one or more parameters is a
displacement of a polished rod of the wellbore pump, and wherein the one or more processors are
further operable to adjust a value of the displacement of the polished rod to reduce the difference
between the predicted pump load and the measured pump load to less than the threshold value.
[0049] Clause 18, the system of clauses 16 or 17, wherein one of the one or more parameters is
cycle time of the pump cycle, and wherein the one or more processors are further operable to
adjust a value of the cycle time to reduce the difference between the predicted pump load and the
measured pump load to less than the threshold value.

[0050] Clause 19, a machine-readable medium comprising instructions stored therein, which
when executed by one or more processors, causes the one or more processors to perform
operations comprising: determining, in a neural network, a pump load of a wellbore pump based
on a physics based model of the pump load of the wellbore pump; obtaining a measured pump
load of the wellbore pump; and after initiation of a pump cycle of the wellbore pump: predicting
the pump load of the wellbore pump based on the physics based model; performing a Bayesian
Optimization to reduce a difference between a predicted pump load and the measured pump load

to less than a threshold value; and improving a prediction of the pump load based on the Bayesian
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Optimization, wherein operations performed to solve the physics based model, predict the pump
load, perform the Bayesian Optimization, and improve the prediction of the pump load are
performed in a single framework of the neural network.

[0051] Clause 20, the machine-readable medium of clause 19, wherein the instructions, which
when executed by one or more processors, causes the one or more processors to perform
operations comprising: obtaining a second measured pump load of the wellbore pump; and after
initiation of a second pump cycle of the wellbore pump; predicting a second pump load of the
wellbore pump based on the physics based model; performing a second Bayesian Optimization
to reduce a difference between a second predicted pump load and the second measured pump load
to less than the threshold value; and improving a prediction of the second pump load based on the
Bayesian Optimization.

[0052] As used herein, the singular forms “a”, “an™ and “the” are intended to include the plural
forms as well, unless the context clearly indicates otherwise. It will be further understood that
the terms “comprise” and/or “comprising,” when used in this specification and/or the claims,
specify the presence of stated features, steps, operations, elements, and/or components, but do not
preclude the presence or addition of one or more other features, steps, operations, elements,
components, and/or groups thereof. In addition, the steps and components described in the above
embodiments and figures are merely illustrative and do not imply that any particular step or

component is a requirement of a claimed embodiment.
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What is claimed is:

1. A method to improve prediction of a pump load of a wellbore pump, the method
comprising:
determining, in a neural network, a pump load of a wellbore pump based on a physics
based model of the pump load of the wellbore pump;
obtaining a measured pump load of the wellbore pump; and
after initiation of a pump cycle of the wellbore pump:
predicting the pump load of the wellbore pump based on the physics based model;
performing a Bayesian Optimization to reduce a difference between a predicted
pump load and the measured pump load to less than a threshold value; and

improving a prediction of the pump load based on the Bayesian Optimization.

2. The method of claim 1, wherein the physics based model of the pump load of the wellbore
pump is

TYV _ 1 X nyv X nyv Ay
my +—=+ye — (ayx) = —( —Z) * [tht +E*Wt] —T* [mutt +E*ut] R

wherein m is a cross section of a rod of the wellbore pump multiplied by a density of the rod, y is
a transformed displacement, t is time, L is a length of the rod, x is a location of a stroke of the
rod, w is a rod displacement, u is a pump displacement, y is a damping factor, v is a velocity of
sound, and a is =144*g*A*E, wherein g is a gravitational constant, A is the cross section of the

rod, and E is equal to Young’s Modulus.

3. The method of claim 2, wherein initial boundary conditions of the physics based model
are y=0 at x=0, y=0 at x=L, and y=0 at t=0V'x.

4, The method of claim 3, further comprising determining a cost function of the physics
based model, wherein the cost function is my;; + % ye — (ayy) = — (1 - %) * [mwtt + % *

x nyv a
Wt]—z*[mutt+z*ut]+7x*u.

5. The method of claim 1, wherein the predicted pump load is Apreqicteq = —E * A *

(y(L,t) + (u(t) - W(t))) * x, wherein E is equal to Young’s Modulus, A is a cross section of a
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rod of the wellbore pump, y is a transformed displacement, t is time, L is a length of the rod, x is

a location of a stroke of the rod, w is a rod displacement, and u is a pump displacement.

6. The method of claim 5, wherein performing the Bayesian Optimization comprises
adjusting one or more parameters for predicting the predicted pump load to reduce the difference

between the predicted pump load and the measured pump load to less than the threshold value.

7. The method of claim 6, wherein one of the one or more parameters is a displacement of a
polished rod of the wellbore pump, the method further comprising adjusting a value of the
displacement of the polished rod to reduce the difference between the predicted pump load and

the measured pump load to less than the threshold value.

8. The method of claim 6, wherein one of the one or more parameters is cycle time of the
pump cycle, the method further comprising adjusting a value of the cycle time to reduce the
difference between the predicted pump load and the measured pump load to less than the threshold

value.

9. The method of claim 1, further comprising determining a historical value of the pump
load, wherein performing the Bayesian Optimization comprises performing the Bayesian

Optimization based on the historical value of the pump load.

10. The method of claim 1, wherein operations performed to solve the physics based model,
predict the pump load, perform the Bayesian Optimization, and improve the prediction of the

pump load are performed in a single framework of the neural network.

11. The method of claim 1, further comprising generating a dynagraph of the pump cycle of

the wellbore pump.

12. The method of claim 1, further comprising:
obtaining a second measured pump load of the wellbore pump; and
after initiation of a second pump cycle of the wellbore pump:
predicting a second pump load of the wellbore pump based on the physics based

model;
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performing a second Bayesian Optimization to reduce a difference between a
second predicted pump load and the second measured pump load to less than
the threshold value; and

improving a prediction of the second pump load based on the Bayesian

Optimization.

13. A pump system, comprising:
a wellbore pump having a rod;
a storage medium; and
one or more processors operable to:
determine, in a neural network, a pump load of the wellbore pump based on a
physics based model of the pump load of the wellbore pump;
obtain a measured pump load of the wellbore pump; and
after a pump cycle of the wellbore pump has initiated:
predict the pump load of the wellbore pump based on the physics based
model;
perform a Bayesian Optimization to reduce a difference between a
predicted pump load and the measured pump load to less than a
threshold value; and
improve a prediction of the pump load based on the Bayesian Optimization,
wherein operations performed to solve the physics based model, predict the
pump load, perform the Bayesian Optimization, and improve the prediction
of the pump load are performed in a single framework of the neural

network.

14, The pump system of claim 13, wherein the physics based model of the pump load of the
pump is

mye +%*3’t — (ayy) = —(1 —i) * [tht +%*Wt] _i* [mutt +%*ut] +%*u:
wherein m is a cross section of a rod of the wellbore pump multiplied by a density of the rod, y is
a transformed displacement, t is time, L is a length of the rod, x is a location of a stroke of the
rod, w is a rod displacement, u is a pump displacement, y is a damping factor, v is a velocity of
sound, and a is =144*g*A*E, wherein g is a gravitational constant, A is the cross section of the

rod, and E is equal to Young’s Modulus.
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15. The system of claim 13, wherein the predicted pump load is Apreqictea = —E * A *
(y(L,t) + (u(t) — W(t))) * x, wherein E is equal to Young’s Modulus, A is a cross section of a
rod of the wellbore pump, y is a transformed displacement, t is time, L is a length of the rod, x is

a location of a stroke of the rod, and u is a pump displacement.

16. The system of claim 15, wherein the processors are operable to adjust one or more
parameters for predicting the predicted pump load to reduce the difference between the predicted

pump load and the measured pump load to less than the threshold value.

17. The system of claim 16, wherein one of the one or more parameters is a displacement of
a polished rod of the wellbore pump, and wherein the one or more processors are further operable
to adjust a value of the displacement of the polished rod to reduce the difference between the

predicted pump load and the measured pump load to less than the threshold value.

18. The system of claim 16, wherein one of the one or more parameters is cycle time of the
pump cycle, and wherein the one or more processors are further operable to adjust a value of the
cycle time to reduce the difference between the predicted pump load and the measured pump load

to less than the threshold value.

19. A machine-readable medium comprising instructions stored therein, which when executed
by one or more processors, causes the one or more processors to perform operations comprising:
determining, in a neural network, a pump load of a wellbore pump based on a physics
based model of the pump load of the wellbore pump;
obtaining a measured pump load of the wellbore pump; and
after initiation of a pump cycle of the wellbore pump:
predicting the pump load of the wellbore pump based on the physics based model;
performing a Bayesian Optimization to reduce a difference between a predicted
pump load and the measured pump load to less than a threshold value; and

improving a prediction of the pump load based on the Bayesian Optimization,
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wherein operations performed to solve the physics based model, predict the pump load,
perform the Bayesian Optimization, and improve the prediction of the pump load are

performed in a single framework of the neural network.

5  20. The machine-readable medium of claim 19, wherein the instructions, which when executed
by one or more processors, causes the one or more processors to perform operations comprising:
obtaining a second measured pump load of the wellbore pump; and
after initiation of a second pump cycle of the wellbore pump:
predicting a second pump load of the wellbore pump based on the physics based
10 model;
performing a second Bayesian Optimization to reduce a difference between a
second predicted pump load and the second measured pump load to less than
the threshold value; and
improving a prediction of the second pump load based on the Bayesian

15 Optimization.
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