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ABSTRACT

The beam pumping unit (BPU) remains the most stable and reliable equipment for crude oil lifting.
Despite its simple four-link mechanism, the structural design of the BPU presents a constrained single-
objective optimization problem. Currently, a comprehensive framework for the structural design and
optimization of compound balanced BPUs is lacking. Therefore, this study proposes a novel structural
design scheme for BPUs, aiming to meet the practical needs of designers and operators by sequentially
optimizing both the dynamic characteristics and balance properties of the BPUs. A dynamic model of
compound balanced BPU was established based on D'Alembert's principle. The constraints for structural
dimensions were formulated based on the actual operational requirements and design experience with
BPUs. To optimize the structure, three algorithms were employed: the particle swarm optimization (PSO)
algorithm, the genetic algorithm (GA), and the gray wolf optimization (GWO) algorithm. Each newly
generated individuals are regulated by constraints to ensure the rationality of the outcomes. Further-
more, the integration of three algorithms ensures the increased likelihood of attaining the global optimal
solution. The polished rod acceleration of the optimized structure is significantly reduced, and the dy-
namic characteristics of the up and down strokes are essentially symmetrical. Additionally, these three
algorithms are also applied to the balance optimization of BPUs based on the measured dynamometer
card. The calculation results demonstrate that the GWO-based optimization method exhibits excellent
robustness in terms of structural optimization by enhancing the operational smoothness of the BPU, as
well as in balance optimization by achieving energy conservation. By applying the optimization scheme
proposed in this paper, the CYJW7-3-23HF type of BPU was designed, achieving a maximum polished rod
acceleration of +0.675 m/s®> when operating at a stroke of 6 min~1. When deployed in two wells, the root-
mean-square (RMS) torque was minimized, reaching values of 7.539 kKN-m and 12.921 kN-m, respec-
tively. The proposed design method not only contributes to the personalized customization but also
improves the design efficiency of compound balanced BPUs.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/
4.0/).

1. Introduction

wells that possess substantial crude oil reserves. It utilizes the
formation's energy to lift crude oil to the surface, with a critical

Currently, the main methods for crude oil extraction in oil fields prerequisite being sufficiently high formation pressure. Conversely,
include flowing production and artificial lift production. Flowing if the formation pressure is too low for natural flow, the artificial-
production is primarily deemed suitable for newly developed oil lift method must be employed to extract the crude oil. Approxi-
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mately 87% of oil production wells use artificial lifting methods
(Catalina et al., 2022). Rough statistical data indicate that 71% of
these wells employ beam pumping system, 16% use electrical
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submersible pumps, 7% use gas lift systems, and 6% rely on other
lifting methods (Pineda et al., 2023). BPU are particularly favored in
major oil fields due to their simple operation, convenient installa-
tion and maintenance, high adaptability to harsh conditions, and
other advantages (Sun et al,, 2022; He et al.,, 2023). Despite these
benefits, BPUs often face criticism for energy wastage, akin to
“using a sledgehammer to crack a nut”. From an economic benefit
perspective, it is vital to redesign conventional BPUs for greater
energy efficiency and reduced consumption. Ideally, these im-
provements should be feasible for direct implementation at oilfield
sites. This holds significant importance for the current state of
oilfields and their overall economic efficiency.

The BPU employs a classic 4-bar linkage mechanism. In kine-
matics, this type of mechanism has one degree of freedom,
meaning that the motion can be fully described by the rotation at
any rotary joint. The graphical approach and the famous Freuden-
stein equation (Ghosal, 2010) are the most traditional methods for
analyzing such mechanisms. Despite advancements, designers still
frequently use the graphical approach to determine the dimensions
of 4-bar linkages in BPUs. Liu (1985) introduced a novel method for
the geometric design of sucker rod pumping units, combining both
graphical and analytical methods. However, the design typically
requires predefining several parameters based on experience, such
as the stroke, front arm of beam, height of frame, horizontal offset
distance, crank angle between extreme positions, and starting
angle of crank. These predefined parameters suggest a unique
structure for the BPU but overlook its dynamic characteristics. As
theoretical research on BPUs continues to evolve and practical
experience accumulates, structural optimization has become
increasingly prominent. Hu et al. (2006) provided a comprehensive
summary and analysis of the issues concerning the structural
optimization of BPUs, covering the variables to be optimized,
objective functions, and constraints. Zhang et al. (2005) performed
a kinematic analysis of the BPU and suggested an optimization
strategy for structural dimensions, detailing the constraints
involved. However, they did not provide a clear implementation
process for their optimization strategy. Furthermore, the "Specifi-
cation for Pumping Units" (API Spec 11E, 2013), issued by American
Petroleum Institute (API), specifies the components of the BPU but
does not explicitly define the methods for determining dimensions
of key components like the beam, pitman, frame, and crank, etc.
Therefore, developing a comprehensive structural design and
optimization strategy for BPUs is of significant practical engineer-
ing value, providing crucial guidance for their design and mainte-
nance, and enhancing energy efficiency as discussed earlier.

In recent years, the focus on energy conservation in BPUs has
intensified within the global petroleum industry (Lv et al., 2016;
Fakher et al., 2021; Tian et al., 2021), driven by the pressing need to
address low profit margins, energy crises, and environmental
pollution in oilfield operations. Traditional methods to enhance
energy efficiency in BPUs include regular adjustments to stroke
length or speed, and correcting balance deviations. Moreover, ad-
vancements in control technology for BPUs have enabled energy
savings through automated control systems. For instance, full cycle
variable speed operation control of the pumping system has been
developed, which allows for more precise management of energy
use. Feng et al. (2020) developed a dynamic model and an opti-
mization method of a variable speed drive BPU. The complex me-
chanical behavior of sucker-rod pump, a major focus for many
scholars, is crucial for determining energy-saving control strategies.
However, traditional approaches, such as modifying stroke length
or speed and rectifying balance deviations, are more favored for
their cost-effectiveness, reliability, and simplicity. Operators can
adjust the net torque by altering the mass and/or position of
counterweights. Stroke adjustments are facilitated by changing the
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crank pin's position, utilizing pre-existing pin holes. Takacs and Kis
(2021) performed an in-depth analysis on the arrangement of crank
counterweights and proposed a PSO-based model for counterbal-
ance optimization. This model uniquely allows adjustments to both
the magnitude and the phase angle of the maximum counterbal-
ance moment during the optimization process. Various balancing
methods, including beam, crank, and compound balancing, have
been designed and implemented in BPUs (Xu et al., 2022). However,
the implementation of these strategies still lacks specific theoret-
ical guidance. Additionally, these balance adjustment strategies
often disregard the effects of polished rod load fluctuations, yet the
actual measured suspension loads can vary greatly and directly
dictate the torque of the gearbox. Therefore, conducting balance
optimization based on dynamometer card data carries more prac-
tical significance in engineering contexts.

Based on the analysis presented, it can be concluded that
enhancing the stability and energy-saving effect of the compound
balanced BPU requires both structural optimization and balance
performance optimization. In recent years, numerous optimization
metaheuristic algorithms and their improved versions (Zakian and
Kaveh, 2024) have been developed and successfully applied to
complex optimization challenges. Kaveh and Zaerreza (2023)
introduced the shuffled shepherd optimization algorithm (SSOA)
and its enhanced variants. These algorithms have been effectively
applied to the optimal design of castellated beams, curved roof
frames, and the detection of structural damage. Additionally, Kaveh
and Mahdavi (2015, 2017) developed the colliding bodies optimi-
zation (CBO) algorithm and its enhanced versions, specifically
designed for the optimal design of skeletal structures. This algo-
rithm is particularly effective for structural optimization tasks as it
leverages the principles of momentum and energy conservation
during collisions. Following these contributions, a general frame-
work for population-based metaheuristic algorithms, grounded in
set theory (Kaveh and Hamedani, 2022), was proposed. This
framework enhances the balance between global exploration and
local exploitation during the search process, ensuring more effec-
tive optimization results across diverse applications. Zakian et al.
(2021) addressed the design optimization problem of minimizing
the weight of steel pipe rack structures using three metaheuristic
algorithms: the modified PSO, the GWO, and the improved GWO.
Mirjalili et al. (2017) introduced the multi-verse optimization al-
gorithm and further advanced it by developing the multi-objective
multi-verse optimizer (MOMVO) (Kumar et al., 2023). This algo-
rithm was rigorously tested on 80 case studies, encompassing both
unconstrained and constrained test functions as well as the engi-
neering problems. The results demonstrated that MOMVO is
capable of effectively approximating the true Pareto optimal fronts
across all case studies, showecasing its efficacy. Yang et al. (2022)
proposed the judgment-rule-based evolutionary algorithm, called
JREA, which leverages two critical features of structural balance:
the determination of node attributes based on the node's degree
and the attributes of its neighboring nodes. JREA is primarily
designed to achieve structural balance in signed social networks,
aiming to guide social systems towards a more stable and harmo-
nious state. Ma et al. (2020) integrated two orthogonal design (OD)
engines into the brain storm optimization (BSO) algorithm to
enhance its learning mechanism. The exploration OD engine and
the exploitation OD engine work in tandem to discover and utilize
valuable search experiences. This enhanced algorithm was vali-
dated on a suite of benchmarks and was also applied to the quan-
titative association rule mining problem, considering support,
confidence, comprehensibility, and net confidence, proving its po-
tency in optimizing complex functions. Rao et al. (2011) introduced
a teaching-learning based optimization (TLBO) algorithm, which
was applied to constrained mechanical design optimization
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problems. Tejani et al. (2017) improved this algorithm by incor-
porating multiple teachers' models, adaptive teaching factors, self-
motivated learning, and tutorial-based learning. The modified TLBO
was applied to simultaneous topology, shape, and size optimization
of spatial and planar trusses, and its performance was comparable
to that of the original TLBO and other state-of-the-art algorithms,
such as a genetic algorithm (GA), improved GA, force method and
GA, ant colony optimization, adaptive multi manipulation differ-
ential evolution, a firefly algorithm, group search optimization
(GSO), improved GSO, and intelligent garbage can decision-making
model evolution algorithm. Tejani et al. (2017b) proposed a modi-
fied heat transfer search (HTS) algorithm that incorporates
subpopulation-based simultaneous heat transfer modes, including
conduction, convection, and radiation, into the basic HTS algorithm.
The modified HTS (MHTS) algorithm was tested on six standard
truss problems, and the results indicated that MHTS outperforms
the original HTS algorithm. Metaheuristic algorithms have played
an irreplaceable role in structural optimization, including large-
scale and complex designs (Kaveh and Ghazaan, 2018; Kaveh and
Eslamlou, 2020). More algorithms and their engineering applica-
tions, as well as MATLAB programs for these algorithms, can be
found in references (Kaveh, 2021; Kaveh and Bakhshpoori, 2019).
Although these algorithms have demonstrated exceptional perfor-
mance in addressing complex multi-objective and constrained
optimization challenges, the constraints involved in optimizing the
structure of the BPU are notably stringent. Additionally, the
objective function tends to exhibit reduced sensitivity to design
variables near the optimal solution. As a result, the algorithm
selected for this study must not only offer high computational ef-
ficiency but also ensure consistent and reliable optimization out-
comes. To achieve these objectives, and to ensure both high
precision and minimal programming complexity, three widely used
metaheuristic optimization algorithms have been chosen: PSO
(Wang et al., 2021; Zakian et al., 2021b), GA, and GWO (Zamfirache
et al., 2022). These algorithms have been carefully refined to meet
the unique challenges presented by this research.

In summary, the existing literature lacks a comprehensive and
systematic approach for optimizing the design of compound
balanced BPUs, particularly in determining structural dimensions
and adjusting balance performance. This paper addresses these
gaps by presenting a novel optimization strategy that integrates
advanced algorithms, such as PSO, GA, and GWO, to enhance both
the structural design and balance performance of BPUs. The
approach is characterized by its ability to navigate the complex
constraints and objectives inherent in BPU optimization, marking a
significant advancement over conventional methods. The main
contributions of this research are multifaceted. Firstly, a systematic
framework is introduced that unifies structural and balance opti-
mization, offering a holistic solution to BPU design challenges.
Secondly, empirical analysis demonstrates the superior perfor-
mance of the modified GWO algorithm, highlighting its robustness
and reliability in achieving optimal solutions. Thirdly, the paper
advocates for a practical balance optimization method that lever-
ages dynamometer card data, ensuring that the solutions are
applicable in practical scenarios. Furthermore, this research bridges
the theoretical and practical aspects of BPU optimization, providing
valuable insights for both academic researchers and industry
practitioners. The comprehensive approach presented is expected
to significantly improve the energy efficiency and operational
effectiveness of BPUs, contributing to the sustainability and eco-
nomic viability of oil extraction processes.

The paper is organized as follows: Section 2 provides an in-
depth introduction to the structural characteristics of the com-
pound balanced BPU, establishing the correlation between the
polished rod load and gear torque, grounded in the principle of
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D'Alembert. Section 3 elaborates on the prevalent methodologies
for ascertaining the polished rod load, thereby establishing a basis
for the balance optimization approach that utilizes measured
dynamometer card. Section 4 delineates the specific variables
involved in the structural and balance optimization design of the
BPU, setting forth rational constraints and objective functions that
are informed by actual engineering applications. Subsequently, the
detailed scheme for both structural and balance optimization is
presented. Throughout these optimizations, three optimization
algorithms, such as PSO, GA, and GWO are utilized. These algo-
rithms have been refined to leverage their unique attributes, with
the dual aim of enhancing computational efficiency and ensuring
that the obtained parameters are suitable for practical engineering
applications. Section 5 illustrates the specific implementation steps
and optimization outcomes of the computational methods pro-
posed in this study through practical examples, thereby validating
the effectiveness of proposed approach. It also serves to demon-
strate the applicability of the refined GWO algorithm in the struc-
tural and balance optimization of compound balanced BPUs.

2. Calculation of gearbox torques
2.1. Introduction to the structure of compound balanced BPU

The focus of this paper is on a compound balanced BPU that
incorporates an offset section in the rear arm of the beam. This
configuration is particularly representative and provides a me-
chanical model that is relevant to other conventional BPUs. Fig. 1
illustrates the structure of the BPU being analyzed. The com-
pound balanced BPU consists of several components: a brake de-
vice (1), motor unit (2), frame (3), carrier bar (4), horsehead (5),
samson post bearing (6), main beam (7), downward beam (8),
pitman (9), beam counterweight (10), gearbox (11), crank coun-
terweight (12), crank (13), and foundation (14). The inclusion of the
downward beam is specifically designed to facilitate adjustments of
the beam counterweight by operators.

2.2. Kinematic analysis of BPU

A schematic of the mechanism, as shown in Fig. 2, was estab-
lished based on the structure of the BPU. The four members R, P, C,
and K of the 4-bar linkage mechanism can be represented by four

vectors: ﬁ F C and K. The load on the suspension point is
denoted as Q. v, is the angle between the downward beam and the
main beam. vy, is the angle between the moment arm of the gravity
center of beam counterweight center and the main beam. vy; is the

8 / 7
9 6
10 5
11 4
12 3
13 2

&)
S

| [ — ]

Fig. 1. The components of compound balanced BPU.
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Fig. 2. Schematic of the mechanism of BPU.

angle between the moment arm of the gravity center of downward
beam and the main beam. v, is the angle between the moment arm
of the gravity center of horsehead and the main beam. 7 is the lag
angle of the gravity center of the crank counterweight. 7 is the lag
angle of the gravity center of the crank. For the convenience of
dynamic analysis, the conventions for the positive direction of each
angle in Fig. 2 are as follows:

1) The crank's rotation angle f is measured starting from the 12
o'clock position, with clockwise rotations considered positive.

2) The reference angles of the rods 6,, 63, 84 are measured from the
base rod 00;, with counterclockwise direction considered
positive.

3) The geometric dimensions of each member are specified as
follows: R is the rotation radius of the crank pin, P is the length
of the pitman, Cis the length of the rear arm of the main beam, K
is the length of the base rod, A is the length of the fore-arm of
the main beam, and I is the horizontal projection length of the
base rod.

The geometric relationship of the mechanism shown in the
schematic (Fig. 2) can be described using the following expressions:

I
o =arcsin (K)

02:275—04—0(

(1)

(2)

L= /R + K2 — 2RK cos 0,
6 = arcsin (% sin 02)

P2+1% -2 s
2PL

P2 _ LZ _ CZ
64 = arccos <2CL> -6

e+ 12 P2>

3 = arccos (

X = arccos <2CL
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(8)

In the above equations, the virtual rod is an imaginary line that
connects the crank pin to the beam's center of rotation, with its
length L, dynamically changing as the pumping unit operates. The
angles involved are defined as follows: « is the angle between the
base rod K and the vertical direction; #, is the angle between the
crank and the base rod; 63 is the angle between the pitman and the
base rod; 6, is the angle between the main beam and the base rod;
@ is the angle between the virtual rod and the base rod; y is the
angle between the main beam and the virtual rod; and ¢, the angle
between the main beam and the base rod, is the sum of § and y. For
a detailed understanding of the geometric meanings of these var-
iables, Fig. 2 should be consulted. Each vector has the following
relationship:

o=x+6

R+P=K+C 9)

The above vector equation can be represented in complex form:

Rel’> 4 pel’s = K + Cel (10)

According to Euler's formula el = cos 6 + i sin 6, Eq. (10) can be
transformed into:

R(cos 0, +i sin 03) + P(cos 03 +1 sin f3) =
+ B(cos 04 +1isin f4) (11)
Taking the derivative of both sides of Eq. (11) with respect to

time yields the following expression:

iRA cos 5 — Rf- sin b5 + iPf5 cos 65 — Ph5 sin b

= 1304 Ccos (94 — 304 sin 04 (12)

If the real and imaginary parts on both sides of the equation are
equal, the following system of equations can be obtained:

{

and 0,4 of the connecting rod and walking beam can be determined:

R02 sin 0, + P03 sin 05 = B, sin 0,

13
iR6, sin 6 + iP5 cos 65 = iB cos b4 (13)

By solving the above equation system, the angular velocities 05

R02 sin(f4 — 6,

by — ( )

P sm(03 —04) (14)
6‘ Riz Sll‘l(03 — 02)
47 "B sin(f; — fa)

By differentiating the above equation with respect to time, the

angular accelerations 5 and 8,4 of the connecting rod and beam
motion can be determined:

03 =03 lﬁ_z + (B4 — 2)cot(bg — b2) — (03 — 04)cot(f3 — 94)1
2

4 =04 [Z—z + (B3 — B)cot(85 — b) — (B3 — ba)cot(f5 — 0@1
2
(15)

where,
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by= —w (16)

in which, w is the angular velocity of the crank. When the crank-
shaft rotates at a constant speed, #, = 0, then 93 and 64 are

b3 = 03[(04 — O)cot(04 — b2) — (63 — O4)cot(f3 — b4)] (17)
04 = 04[(03 — O)cot(3 — ) — (03 — 04)cot(f3 — 04)]
Assuming that the starting point of displacement measurement

is at the lower limit of the suspension point, and with the upward

movement of the suspension point defined as positive displace-
ment, the velocity (v) and acceleration (a) of the suspension point
are defined as follows:

{

2.3. Dynamic analysis of BPU and calculation of crankshaft torque

U:é4A

When the BPU is in operation, the torque generated by the
polished rod and counterweight block on the crankshaft is balanced
against the torque output from the motor to the crankshaft.
Calculating the crankshaft torque due to the polished rod and
counterweight block is essential for checking excessive torque
conditions in the gearbox and for evaluating the motor's power
utilization. The forces acting on each component of compound
balanced BPU are illustrated in Fig. 3.

In Fig. 3, A represents the gravity center of the horsehead, C
represents the gravity center of the fore-arm of the main beam, E
represents the gravity center of the rear arm of the main beam, H
represents the gravity center of the downward beam, T represents
the gravity center of the beam counterweight, R represents the
gravity center of the crank counterweight, and N represents the
gravity center of the crank. F represents external force, where
subscript “1” denotes centrifugal force, and subscript “2” denotes
inertial force. Inertial torques on the crankshaft generally result
from the acceleration pattern of heavy moving parts of the BPU.
Even if the crankshaft rotates at a constant speed, some parts of the
BPU, such as the walking beam and the horsehead, perform an
oscillating motion and that generates articulating inertial torque. G
represents gravity. Fp represents the tension of the pitman. Fp, and
Fpy are the normal and tangential components of the tension Fp at
the crank pin, respectively. Considering the small mass of the
pitman, its inertial force was ignored.

Fig. 3. Force analysis of BPU components.
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The walking beam is selected as the focal point of the study.
Utilizing the torque balance of the beam, the torques generated by
relevant external forces are calculated, with the Samson post
bearing serving as the pivot point for moments. Based on
D’Alembert’s principle, the following equations are established to
determine the dynamics involved. These equations enable the
calculation of the tension in the pitman.

Cr

7t .

TT:GT COS((p+0[—§—’Yz>Io]T— g (101T)204 (19&)
Tu=G cos(qo+oszfy )1 —@(l )28 (19b)
H=GH 2~ 73)lo =" lom) 0

Te=G COS((p—i—O[—E)l —%(l )29 (19¢)
E=Ge 7)o =5 (o) 04

Te=G cos(wai)l —&(1 )%6 (19d)
c=0Gc 2)toic =g (loic) 0a

Ta=G cos<<p+a———7 )l —&(l )29 (19e)
A=0np 2~ Ya)loia =g lloin) ¥a
Fp:Q'lO1B+TA+TC_TT_TH_TE (20)

lo,p sin(8)

In the equation referenced above, g represents gravitational accel-
eration; T denotes torque; | denotes the length of the moment arm,
and can be determined based on the structural dimensions of the
BPU. Taking lp, s as an example, the subscript characters O; and A
indicate the moment center and mass center, respectively.
Furthermore, lp, g in this context is equal to the variable A as defined
in Eq. (18).

Next, an equation is formulated based on the torque balance of
the crankshaft. The torque due to external forces acting on the
crankshaft is calculated with the output shaft of the gearbox
serving as the moment center (point O). Based on these consider-
ations, the following equation is established.

M= — GRIOR sin(0 — T) — GNlON sin(0 — Tc) — Fl’thK (21)
where,

Fpr=—Fp Sil‘l(()l]) (22)
ap=01+o+a-10 (23)

3. Calculation method for polished rod load

The variation of net gearbox torque is significantly influenced by
the counterweights used to counterbalance the unit. Proper
configuration of these counterweights must take into account the
dynamic characteristics of the BPU and the polished rod load. Dy-
namic characteristics can be analyzed using the previously
described methods. However, establishing a calculation method for
the polished rod load remains a complex challenge due to the
myriad influencing factors. For example, the physical properties of
the liquid in the wellbore, the liquid’ flow state in the pump during
the upstroke or downstroke (Li et al., 2018), and the axial vibration
(Xing and Dong, 2015; Li and Han, 2016), buckling (Sun et al., 2018),
and collision of the pumping rod (Wang and Dong, 2020) all
significantly impact the polished rod load. Despite extensive
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research, the practical applicability and ease of implementation of
these findings continue to be debated among scholars. Several
commonly used engineering methods for calculating polished rod
load are introduced below, each addressing different aspects of
these complex influences.

1) Constant mass method
Hanging test blocks on the carrier bar is a straightforward

method commonly used to verify the structural strength of the BPU
prototype under rated polished rod load. Assuming the mass of the

Petroleum Science 22 (2025) 1340—1359
2) Simplified dynamic load

The typical structural of an oil well is illustrated in Fig. 4. In this
simplified analysis, no consideration is given to the deformation of
the tubing and sucker rod, as well as the resistance of the fluid and
piston during motion. The analysis focuses solely on the effects of
gravity and inertia of the sucker rod and the lifted liquid. Under
these assumptions, the corresponding polished rod loads for the
upstroke and downstroke can be calculated as follows;

QUP = (erd + Mpump + mOil)(g +a) + Po <Aplunger - Arod) — (Pc + poilghS)Aplunger

Prod — Poil

=m
Qdown rod
Prod

& +Mpqd

test block is m, the polished rod load can be expressed using Eq.
(24). For optimizing the balance of the BPU, the mass of the test
blocks can be estimated based on the average of the maximum and
minimum polished rod loads.

Q=m(a+g) (24)
Po
El\j' +—  Rod string
A
o Y2
y Tubing
: Casing
Plunger
Travelling valve
Standing valve

“

7

Fig. 4. Structural of the oil well.

(25)

in which, Qup is polished rod load corresponding to the upstroke;
Qgown i polished rod load corresponding to the downstroke; mqq
is the mass of rod string; mpymp is the mass of pump; my; is the
mass of lifted oil; p, is the internal pressure of tubing; p. is the
inner pressure of casing; py; is the density of oil; p,oq is the density
of rod string; hs is submergence depth of pump. Apjypger is the
cross-sectional area of plunger; A,,q is the cross-sectional area of
rod string.

3) Dynamometer card data

As established in Section 2.3, all gearbox torque components are
influenced by the polished rod load. The rod torque varies with the
torque factor that changes with the crank angle, while the coun-
terbalance torque is directly related to the crank angle and angular
acceleration of the beam. Inertial torques, which are derived from
the acceleration patterns of various components of the BPU, exhibit
fluctuations that correspond to the time-varying history of the
crank angle. Furthermore, understanding the dynamics of gearbox
torque components requires detailed knowledge of the polished
rod load and its temporal variations in position.

Modern dynamometer systems (Li et al., 2015) are essential for
capturing the most important operational data of sucker rod
pumping systems, namely the polished rod load and its position
over time. The position of the polished rod varies with the crank
angle. Following the kinematic analysis detailed in Section 2.2, the
displacement of the polished rod is expressed by Eq. (26). With this
data, the relationship between the crank angle and polished rod
load can be accurately determined.

K2+ C2— (P+R)?
S= (6’4 —arccos( 3KC A (26)

4. Structural design and optimization of BPU
4.1. Design variables and general optimization strategies

The kinematic and dynamic analyses of the BPU discussed in
Section 2 form the theoretical foundation for its structural design.
The parameters that influence the net torque of the crankshaft can
be categorized into two main groups: structural and mass-related.
These categories of parameters are illustrated in Fig. 5. This
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Fig. 5. Schematic of the structure and mass parameters of the BPU.

distinction is critical as it guides the selection of design variables
and the application of optimization strategies to enhance the effi-
ciency and functionality of the BPU.

The design of the BPU involves a total of 17 independent
structural parameters, including variables such as v4, I1, A, G, I, I3,
Y1, la, Is, P, R, lg, 7¢, 17, 7, H, 1. Additionally, there are 7 mass pa-
rameters which include variables such as ma, mc, mg, my, mr, my,
mg. Here is a more detailed breakdown of some critical parameters:
mp represents the mass of the horsehead, with v, and I; deter-
mined by the horsehead’s center of gravity. mc represents the mass
of the fore-arm of the main beam. mg and I, respectively denote the
mass and length of the beam’s rear arm. Given that both the front
and rear arms of the beam are box girders with identical cross-
sectional dimensions, it’s reasonable to assume their centers of
gravity are situated at their midpoints. my and I3 are, respectively,
the mass and length of the downward beam. Unlike the front and
rear arms, the cross-section of the downward beam may vary along
its axis, necessitating a specific determination of its center of
gravity based on its structure. 4 and 5 are the parameters utilized
to ascertain the position of the beam counterweight's center of
gravity relative to the end of the downward beam. mr is the mass of
the beam counterweight. my refers to the mass of the crank, with I
indicating the rotation radius of the crank’s center of gravity. mg is
the mass of the crank counterweight, which shares I; as the rota-
tion radius for its center of gravity. Some parameters are fixed and
do not require redesign, which will be detailed in the subsequent
sections.

1) In actual design of the BPU’ structure, the length (A) of the fore-
arm is approximately equal to the maximum stroke of the BPU.
The swing angle of the walking beam is about 1 radian.

2) Typically, the length of the beam’s rear arm and downward
beam are not adjustable at the well site. To facilitate the
adjustment of the balance block of the beam on the production
site, it is crucial to minimize the ground clearance at the end of
the lower beam. Additionally, interference between compo-
nents must be avoided. The cross-sectional dimensions of the
main beam and the downward beam can be designed based on
existing related products. Once the size of the 4-bar linkage is
determined, the structure (i.e. I, I3 and v;) and mass (i.e. mg and
my) of the beam’s and downward beam can be determined.

3) Horsehead is a modular component that can be selected based
on stroke requirements of the BPU. Parameters related to its
mass (mp) and center of gravity (i.e., v4 and I;) can also be
determined.

4) The total length of crank is typically based on experiential data.
The mass (my) of the crank and the rotation radius (Ig) of its
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Fig. 6. Schematic of the structure of crank.

center of gravity can be accurately predicted. The crank features
three pin holes for quick adjustment of the stroke, as shown in
Fig. 6. Assuming the influence of pin holes on the uniformity of
crank mass distribution is negligible, the lag angle (r.) of the
center of gravity is equivalent to the angle between the rotation
radius of the pin hole and the middle plane of the crank. After
determining the size of the crank, the rotation radius (I7) of the
center of gravity of the crank counterweight is solely dependent
on its shape, and its mass varies only with changes in thickness.

5) Similar to the counterweight of the crank, the counterweight of
the beam is typically composed of stacked weight plates.
Therefore, I4 and 5 are primarily determined by the shape of the
weight plates.

Based on the analysis provided above, it can be concluded that
the remaining variables to be designed include H, I, C, P, R, 7, mg, mr.
When optimizing the structure of the BPU, size design and balance
design can be conducted separately. Initially, the structural di-
mensions of the BPU are determined. This process aims to minimize
the torque factor (TF) and the acceleration of suspension point
(amax), both of which are critical for improving the dynamic per-
formance of BPU. The variables related to it include H, I, C, P, R.
Subsequently, the remaining variables are optimized to minimize
the RMS torque M, which influences the energy consumption of
the BPU. The variables involved in this phase include 7, mg, mr.
Takacs and Kis (2021) described the benefits of optimizing the
counterweight of the BPU in detail, and recommended using the
reduction of the cyclic load factor (CLF) as the optimization goal.
The CLF is directly related to RMS torque. A comprehensive intro-
duction to balance evaluation strategy of BPUs will be provided in
the subsequent sections.

4.2. Constrains

The constraint conditions significantly impact the structural
dimensions of the BPU. Only suitable and effective constraints can
provide necessary support for quickly and accurately optimizing
the structural dimensions of the BPU. Drawing on existing design
experience with BPUs, several key constraints have been formu-
lated to guide the optimization process.

1) Crank rocker mechanism (Ghosal, 2010)

The crank rocker mechanism forms an essential component of
the BPU. It must be carefully designed to ensure efficiency and
reliability. The following requirements must be met for the di-
mensions related to this mechanism:

R<K (27a)
R<P (27b)
R<C (27¢)
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R+K<C+P (27d)

2) Maximum stroke of polished rod

Typically, the stroke length (Sp) of the polished rod is a critical
design parameter for a BPU. To simplify the calculation procedure,
the stroke length (S) of the polished rod is defined within a specific
interval, ensuring sufficient accuracy. In the equation below, “e”
represents the relative error, which should not exceed 1%.

Se[So —e,Sp + €] (27e)

3) Transmission angle

The transmission angle (denoted as f; in Fig. 2) is the angle
between the connecting rod and the beam. The recommended in-
terval for the transmission angle (; is

81€[30°,150°] (27f)

4) Extreme position angle

There is no clear requirement for the extreme position angle.
Zhang et al., (2005) provides several sets of recommended values
based on the circulation characteristics of the BPU. Hu et al., (2006)
recommends that the interval of the extreme position angle for a
compound balanced BPU should be within specific ranges to ensure
optimal performance and balance. The recommended interval for
the extreme position angle is

1€(8°,12°] (27g)

5) The symmetry of the swing angle of the beam

In general, it is required that the swing angle of the beam is
approximately symmetrically distributed with respect to the hori-
zontal line. Assuming that the swing angle of the beam is divided
into two parts by the horizontal line, the upper part is dyp and the
lower part is d4own. TO ensure symmetry, Hu et al., (2006) recom-
mends the interval of the angle difference should be within a
specific range. The recommended interval for the angle difference is

Bup — Ogown €[—10°,10°] (27h)

6) The angle «

The « represents the angle between the base rod and the
perpendicular line. This parameter may affect the stability and
structural dimensions of the BPU. Reference (Zhang et al., 2005),
combined with design experience, provides a reference value for «
as follows:

ae[32°,50°] (27i)

1347

Petroleum Science 22 (2025) 1340—1359
4.3. Summary of the optimization problem
Given all the information in the preceding sections, the entire

optimization problem can be summarized as follows:
To minimize:

fobj1 =min(|al),a = f(H,I,C,P,R) (28)
fObj2 = mln(ME)7 Me :f(T7 MR7 MH) (29)
Subjected to:
R<K
R<P
R<C
R+K<C+P
Se[So—e,So+e], e/So=1% (30)
$1<[30°,150°]
A€(8°,12°]
6UP - 6down€[* 10°,10°]
a€(32°,50°]
The formula for calculating the RMS torque is as follows:
2
1, > (M7a0;)
Me = ?JO L e Y (31)

in which, M; is the instantaneous torque at the i-th specific
moment; Af is the increment of the crank rotation angle; subscript
“i” represents a specific moment in time.

4.4. Optimization scheme

The optimization of the relevant parameters of the BPU, as
described in Section 5.1, is divided into two stages based on the
objective function, as illustrated in Fig. 7. This division transforms
each stage into a single-objective optimization problem, thereby
reducing the overall complexity. From a programming perspective,
the computational procedures for both stages are fundamentally
identical. The primary difference lies in the imposition of con-
straints: in the first stage, constraints are explicitly applied,
whereas in the second stage, these constraints are inherently
satisfied. As a result, the core structure of the programming re-
mains consistent across both stages; only the range of the design
variables needs to be adjusted according to the specific objective
function. Additionally, the Latin Hypercube Sampling (LHS) method
is utilized for generating initial samples, which promotes the
generation of more uniformly distributed samples. This method
serves a dual purpose: it initially verifies the suitability of the
design variable range in the first stage and, as experience has
shown, the generation of qualified initial samples that satisfy the
constraints can substantially expedite the subsequent optimization
process. To achieve the global optimal solution, optimization
schemes based on three different algorithms are implemented. A
comprehensive explanation of each optimization scheme follows.
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Fig. 7. Parameter optimization scheme flowchart.
4.4.1. The particle swarm optimization (PSO) (Liu et al., 2015; An
et al, 2022) based variable determination method Dbesti = (Pbest1s Pbest2, ***» Pbestd), i =1,2, -, N (34)

A particle swarm is composed of N particles, each of which is a
D-dimensional vector. The dimension D of a vector corresponds to
the number of design variables. The spatial position of particles can
be represented as

Xi:(xi]7xi2a“'7XiD)7i:1a27“'aN (32)
where, x; denotes the position of the i-th particle in the D-dimen-
sional design space. x;; represents the value of the j-th design var-
iable for the i-th particle. The spatial position of particles is a
solution in the objective optimization problem. The fitness of par-
ticles can be evaluated through a fitness function, which allows the
quality of particles to be measured based on the fitness value. The
initial particle swarm consists of qualified initial samples after
screening.

The flying speed of the i-th particle is also a D-dimensional
vector, denoted as

Ui:(l)i],l}[z,"',UjD),i:172,"‘,N (33)
where, v; represents the velocity of the i-th particle, v; represents
the speed component of the j-th dimension for the i-th particle. The
initial values of velocity are randomly generated within the speci-
fied range. The spatial position where the i-th particle has the

optimal fitness value is called the individual's historical optimal
position ppesi, denoted as
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The optimal position of the entire particle swarm is called the
global historical optimal position gy, denoted as

'7gbestD)7i:1727"'»N (35)

The position update of particle swarm can be achieved through
the update of both speed and position. The update of velocity can be
expressed by the following formula.

8hesti = (8best1: Sbest2, **

0364+ 1) =03 () + €171 (Pesti(6) ~ X4 (€) ) + CaT2 (Shesti(0) — X3 (D) ):
i:1727'”7N;j:1727”'7D
(36)

Then, the position of the particles can be updated using the
following formula:
Xij(E+1) =x;(t) +v(t+1) (37)
where, subscript j represents the j-th dimension of the particle;
subscript i represents the i-th particle; t represents the current
number of iterations; c; and cy are individual and social learning
factors, respectively, which determine the acceleration. The value
range is usually (0, 2); r; and r, are independent random numbers
with values in the range of [0, 1]. Updating the spatial positions of
particles means obtaining a new set of design variables that may
not meet the constraint conditions, and even their fitness values
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may even be singular. To avoid this problem, mutation operations
from genetic algorithms are used. Each design variable is randomly
updated within the specified interval until the particle meets the
constraint conditions. In this paper, the values of c; and ¢, are both
set to 2, while the maximum speeds of variables related to length,
angle, and mass are set to 10, 1, and 5, respectively. This differen-
tiated setting helps in fine-tuning the search process according to
the specific characteristics of the problem at hand. It's worth noting
that these parameter settings do introduce some complexity in
programming, as they require a careful handling of the various el-
ements involved in the particles before their velocities and posi-
tions are updated. However, this approach is justified as it allows
for a more nuanced and effective optimization process. The values
mentioned are not set in stone and are determined based on the
parameter ranges, with the flexibility to be adjusted through a trial-
and-error method. The detailed process is shown in Fig. 8.

4.4.2. The genetic algorithm (GA) based variable determination
method

GA (Ongkunaruk et al., 2016; Chen et al., 2017) was first pro-
posed by John Holland from the United States in the 1970s. The
algorithm is designed based on the evolutionary principles
observed in nature. It is a computational model that simulates the
natural selection and genetic mechanisms of Darwin’s theory of
biological evolution. GA searches for optimal solutions by
mimicking the natural evolution process. This algorithm uses
mathematical methods and computer simulation operations to
transform the problem-solving process into one that resembles the
crossover and mutation of chromosome genes in biological evolu-
tion. In GA, both crossover and mutation operations can generate

g

[ Qualified initial samples J

v

Define learning factors, inertia weights, position
and velocity boundaries of design variables

!

’ Define the initial velocity of design variables, v,

v

’ Calculate the fitness of each particle }:

v

Update the historical optimal fitness and position
of particle swarm

!

’ Update the velocity of each particle ‘

v

’ Update the position of each particle

t=t+1

Randomly update each
design variable within
the specified range in
sequence

Error < 1075 or
t > Niteration

Finish

Fig. 8. Parameter optimization process based on the PSO algorithm.
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new individuals. To avoid parameter optimization failures caused
by singular fitness, the new individuals generated by each opera-
tion are tested against constraint conditions. If the constraint
conditions are not met, the current operation is revoked. The
detailed process is shown in Fig. 9. The crossover probability and
mutation probability are set to 0.8 and 0.15, respectively. The genes
(i.e., binary bits) are represented by 20 bits.

4.4.3. The gray wolf optimization (GWO) based variable
determination method

The GWO is an intelligent optimization algorithm proposed by
Mirjalili (2015) from Griffith university in Australia in 2014. The
inspiration for GWO comes from the predatory behavior of gray
wolf packs. The GWO algorithm simulates the leadership hierarchy
and hunting mechanism of gray wolves in nature. Gray wolves are
divided into four types to simulate hierarchical levels. Additionally,
three main stages of hunting are simulated: searching for prey,
surrounding prey, and attacking prey. In this algorithm, the best
solution is considered the alpha (o) wolf, the second-best is the
beta (B) wolf, and the third-best is the delta (3) wolf (Meng et al.,
2023). In the solution domain of optimization problems, the
optimal solution (the location of prey) is often unclear. To simulate
the hunting behavior of gray wolves, it is assumed that the alpha (o)
wolf, beta () wolf, and delta (3) wolf have strong abilities to
identify potential prey positions. In each iteration process, the best
3 wolves (a, B, 9) in the current population are retained, and the
positions of other search agents (w) are updated based on their
locations. The detailed process is shown in Fig. 10.

<

[ Qualified initial samples J

v

Define the number of genes (i.e., binary bits),
crossover rate, mutation rate

¢ t=t+1

’ Calculate the fitness of each individual F_i
v

’ Roulette wheel based selection ‘
v

’ Crossover operation ‘

o Revoke crossover
operation
A 4

Mutation operation ‘

Revoke mutation
operation

Error < 10-° or
t> Nilerahon

Finish

Fig. 9. Parameter optimization process based on the GA algorithm.
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!
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!

Correct the design variable of each individual to
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{

t=t+1
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sequence

y
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!
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Error < 10-° or
t> Niteralion

Finish

Fig. 10. Parameter optimization process based on the GWO algorithm.

The mathematical model of gray wolves tracking prey positions
is described as follows:

Dy = |C1Xa(t) — X(t)]
Dg = |GoXp(t) — X(t)]
D5 = |G X5(t) — X(1)]

(38)

where, Dy, Dg and Dj represent the distances between the o, B, 9,
and other individuals, respectively; X,, Xg and X; represent the
current position of a, f and 9, respectively; C;, C; and C3 are random
vectors; X is the position of individual gray wolves. The mathe-
matical model of hunting behavior is described as follows

X1 =Xy (t) — A1Dy
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Fig. 11. The variation of stroke, polished rod acceleration, and displacement in single
stroke.

X(t+1)=Sit%2 £Xs ”;2 X3 (40)
A=2a-ri—a (41)
C=21y (42)

where, r; and r, are random numbers with values in the interval [0,
1]. The convergence factor a decrease linearly from 2 to 0 as the
number of iterations increases. Similarly, an individual's position
may not meet the constraint conditions after being updated. To
address this, similar to the mutation operation in genetic algo-
rithms, each design variable involved in the individual is updated to
ensure compliance with the constraint condition.

5. Case study and analysis
5.1. Step 1: Optimization of basic structure

In the actual design of a BPU, the maximum stroke Spax is a
fundamental technical parameter, which is specifically requested
by oilfield developers. To verify the effectiveness and advantages of
the design method proposed in this paper, the results calculated
using proposed method will be compared with the data from Hu
et al., (2006). The references provide 5 sets of in-services and 1
set of designed BPU parameters, as detailed in Table 1. The

Xy = Xg(t) — AyD 39 . . .
X; _ Xgéti _ A;Ds (39) maximum stroke Spax listed on the nameplate of these BPUs is
3000 mm. However, there is a discrepancy between the actual
values shown in the last row of Table 1 and the nameplate values.
Table 1
Basic structural parameters of various types of BPUs.
Structure parameter In-service Designed by Hu et al. (2006) Proposed method
Type A Type B Type C Type D Type E
A, mm 3000 3000 3000 3000 3600 2520 3000
C, mm 2100 1860 2200 2200 2620 1620 [1500, 2700]
H, mm 3280 3250 3200 3200 3610 2950 [2800, 3700]
I, mm 2990 2400 2400 2400 3610 2030 [1900, 3800]
P, mm 3490 3200 3200 3240 3780 2950 [2800, 3900]
R, mm 950 840 1040 1040 990 860 [700, 1100]
Smax, M 3.018 3.022 3.021 2.992 2.996 2.996 [2.970, 3.030]
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Fig. 12. (a)—(f) Optimization results for variables C, H, I, P, R, S.
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Fig. 13. (a) The displacement of suspension points. (b)—(c) The acceleration of sus-
pension points.

The maximum strokes per minute are noted as 6 min~'. The pro-
posed optimization method is then applied to determine the basic
structural parameters of the BPU. The range of design variables was
determined based on the structural parameters of these six types of
BPUs. These parameters provide a data basis for determining the
intervals of design variables. The detailed intervals for design
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variables are shown in the last column of Table 1. This method to
determining the intervals of design variables can ensure that the
overall shape of optimized PBU changes minimally, and also helps
reduce computational costs.

In the first stage, the optimal design variables are primarily
determined based on the acceleration of the suspension point.
Fig. 11 illustrates the variation pattern of polished rod acceleration
for the provided BPUs during one stroke. It is evident that there are
significant differences in the polished rod acceleration among
various types of BPUs, particularly concerning the minimum ac-
celeration when the polished rod reaches the lower dead point.
Additionally, there is a notable disparity in the extreme acceleration
of the polished rod during the up and down strokes, as observed in
types C and D.

Due to the use of three optimization algorithms in the param-
eter optimization scheme proposed in this article, 7 sets of calcu-
lations were conducted for comparative analysis to verify the
convergence of the optimization scheme. An initial sample size of
100,000 was generated via the LHS method. The number of quali-
fied samples after screening totaled 110, 118, 119, 121, 123, 124, and
125, respectively. Each optimization algorithm was tested in four
sets of trials, with iterations set at 500, 1000, 2000 and 3000,
respectively. The specified number of iterations was achieved by
setting the threshold of error to 0. These 7 sets of random sampling
were primarily used to test the robustness of each algorithm
against initial sample variations. The four sets of iterations are
primarily used to assess the convergence of the algorithm. This trial
arrangement produced 84 sets of design variable values. The values
of five key design variables, namely C, H, T, P and R, are depicted in
Fig. 12(a)—(e). Fig. 12(f) shows the actual stroke corresponding to
each parameter combination. Fig. 13(a) illustrates the variation of
stroke, polished rod acceleration, and displacement in a single
stroke. The specific values of the maximum and minimum polished
rod accelerations are detailed in Fig. 13(b) and (c).

The accelerations obtained by the three algorithms, as depicted
in Fig. 13(b) and (c), demonstrate good consistency. Notably, the
results obtained via the GWO algorithm appear more robust.
Particularly after exceeding 2000 iterations, the maximum and
minimum acceleration values stabilize at approximately 0.675
and —0.675 respectively. Despite this consistency, Fig. 13 reveals
that the optimization results for the design variables exhibit sig-
nificant variability, suggesting that optimizing the key structural
dimensions of the BPU represents a non-convex problem. It is also
evident that none of the three optimization methods achieved
convergence for variables H and I. To address this issue and
potentially simplify the problem to a convex one, the number of
indeterminate variables was reduced. It was assumed that variable
H is constant, with values set at 3482 mm, 3567 mm, and 3663 mm
respectively. These values represent the mean values obtained from
the three optimization algorithms, as illustrated in Fig. 12(b). The
range of values for the remaining variables, as listed in Table 1, was
kept unchanged, with H fixed. Similarly, the number of iterations
was set to 500, 1000, 2000, and 3000, respectively. The optimiza-
tion outcomes for each variable are presented in Fig. 14.

Upon a thorough examination of the data distribution charac-
teristics, it is clear that the GWO-based method consistently de-
livers stable results for variable values, as particularly evident in
Fig. 14. When juxtaposed with the outcomes depicted in Fig. 12, it
becomes apparent that the results derived from the GA-based
method exhibit the greatest variability, with those from the PSO-
based method following closely behind. This observation necessi-
tates a thorough analysis of the intrinsic characteristics of each
algorithm and the methods of their refinements. In the case of the
PSO-based method, the implementation of mutation to update
particle positions is designed to bolster the algorithm's capacity for



J. Wang, Q.-Y. Guo, C-L. Fu et al.

(a) 2800
2600 -
2400 -
g 2200 1
€
O 2000 |
1800
1600 | 5 B OOOOQQQO
COeee @0 ©9ggeee Coooceeee
1400
1 [ 2 [ s |+ [ 2]s [ 1] 217]s
PSO GA GWO
(c) 4000
[SISIST=ISTSTSTS
=) ‘;GDGDGDG;G;G; =11~
04 © @ e
(=1=] ol
(=1=] ~1~)
® oo
3600 - e
E
£ 3400 -
a’
3200 A
3000 A
2800
1 2 [ s | 1+ [ 2] s [ 1] 2171S3:
PSO GA GWO

Petroleum Science 22 (2025) 1340—1359

4000

(b)
3600 -
3200 -
E
£ 2800
-~ © =I=1=1=]
®e® eeee
(=11~} =1=]
2400 -4 oo 0o°° Seoe
oo ©
2000 - =)
1600
t [ 2 [ s [ «+ ] 2] s [ +]217TS:
PSO GA GWO
(d) 1200
1100 1
1000
€
€ 900
x
800 |
e © OOOQOOOQ
700 OO0 ©0 ©9gQeee Peecccos
600
1 2 [ s [+ [ 23 [ 1] 21773
PSO GA GWO

Fig. 14. (a)—(d) Optimization results for variables C, I, P, R.

global optimization. However, achieving consistent outcomes is
challenging due to the close proximity of objective function values
within the search domain. With respect to the GA-based method,
the direct cancellation of mutation and crossover operations for
individuals that do not satisfy the constraint conditions somewhat
diminishes the algorithm's global and local optimization capabil-
ities. Consequently, the modified GA algorithm performs the least
effectively among the three in terms of computational perfor-
mance. The GWO algorithm's primary advantage stems from the
pivotal role of the convergence factor “a”, which effectively con-
tracts the search domain, thereby ensuring that the solutions ob-
tained exhibit a high degree of consistency. This feature is
instrumental in the GWOQ's superior performance, particularly in
the context of the optimization problems addressed in this study.

Fig. 14(b) displays the three values of variable I, which are
2685, 2602, and 2464 mm, respectively. This consistency shows
that the current optimization problem is convex, implying that
there exists an optimal solution. Additionally, Fig. 16(a) and (b)
also show that the maximum and minimum acceleration obtained
by the GWO algorithm stabilize at constant values of 0.675
and —0.675 m/s?, respectively. In contrast, there is still a slight
fluctuation in the results obtained through PSO and GA algo-
rithms. These findings further underscore the robustness of the
GWO algorithm. Interestingly, even though the variable values
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obtained by the PSO and GA algorithms differ, the error in accel-
eration does not surpass 1.5%. Fig. 15 presents the convergence
curves of the three algorithms, with Fig. 15(a)—(c) corresponding
to different H values. Each algorithm provides two sets of com-
parison data. The graphs clearly show that the GWO algorithm
achieves consistency in the objective function region after 2000
iterations, with the PSO algorithm following in terms of conver-
gence. While the objective function shows a tendency to converge
with the PSO algorithm, it is not entirely consistent. The GA al-
gorithm, which exhibits the worst convergence, is significantly
influenced by the initial population, impacting the objective
function. Despite the GWO algorithm demonstrating superior
convergence, Fig. 15(d) indicates that it has the longest compu-
tation time, averaging 677 s for 2000 iterations. However, this
computation time is still acceptable in practical applications.
Based on this analysis, the structure parameter optimization
scheme utilizing the GWO algorithm is more recommendable for
its reliability and consistency. To reduce the production costs of
the experimental prototype, the structure of the CYJW7-3-23HF
BPU was adjusted align with the parameters of sample 3, as
these models have quite similar structural parameters, as listed in
Table 2. The horsehead, main beam, and downward beam can still
use the original components. The relevant parameters are listed in
Table 3.
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Fig. 15. (a)—(c) Optimization convergence curves of the PSO, the GA, and the GWO. (d) Comparison of time for three optimization algorithms.

5.2. Step 2: Balance optimization

The balance rate of a BPU is a crucial indicator in oilfield pro-
duction management. During operation, the pumping unit's
hanging point is subjected to asymmetric pulsating loads-large
during the upstroke and smaller during the downstroke. The

imbalance can cause several issues:

a) Motor Load and Efficiency: During the upward stroke, the motor
bears an extremely large load, leading to significant electrical
energy wastage as the unit drives the electric motor to work
during the downstroke. This not only reduces the efficiency but

also the service life of the motor.

b) Equipment Durability: The highly uneven load causes the BPU to
vibrate violently, which in turn reduces the service life of the

equipment.

c) Operational Uniformity: The imbalance disrupts the uniformity
of the crank’s rotational speed, causing the horsehead to swing
unevenly. This affects the normal operation of the sucker rod
and pump, thereby impacting the oil well's production and
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increasing the pump repair rate. To mitigate these issues, the
methods of adjusting the balance must be used to ensure that
the single well balance rate is above 85% during normal
operation.

In summary, there are two primary goals for adjusting the bal-
ance of the BPU: ensuring the safe operation of the unit and saving
energy.

From a safety perspective, achieving balance aims to minimize
the output torque of the reducer. The CLF defined as the ratio of the
RMS torque to the mean torque, reflects the actual load changes.
According to Eq. (43), the closer this value is to 1, the smaller the
fluctuation in the BPU's operation, resulting in a more stable
performance.

cLr—Me (43)
M
in which,
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From an energy-saving perspective, balance should target the
minimization of the RMS value of the electric current. Given that
fixed losses during the motor's operation and the mechanical

Mdf = (44)
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transmission losses during the BPU's operation are relatively con-
stant, reducing the energy consumption of the BPU can only be
accomplished by minimizing the motor's variable losses. This in-
volves reducing the RMS value of the motor's current. Since the
torque of the motor's load determines the current's magnitude,
minimizing the RMS value of the motor's load torque will in turn
minimize the RMS value of the motor's current. The RMS torque
and CLF are utilized as indices to evaluate the balance of BPUs.

Next, an optimization of the balance of the BPU for the two
production wells will be detailed. These wells are located in the
Laohekou block of the Shengli Oilfield. The detailed parameters and
undetermined variables of the BPU are listed in Table 3. The range
of values for the mass of the beam and crank counterweight is
primarily based on the CYJW7-3-23HF, PCY]8-3-26HF and several
in-service BPUs. The allowable bearing capacity of the component
must be considered. The lag angle 7, which is related to the
installation status of the crankshaft counterweight block, does not
have a clear reference value, thus a wider range of values is
provided.

Three established optimization methods based on PSO, GA and
GWO are utilized to verify their effectiveness in balance optimiza-
tion for BPU. Three sets of initial samples are generated using the
LHS method, each set containing 500 samples. Since there are no
constraints applied in this scenario, all initial samples are consid-
ered qualified without the need for screening. The number of it-
erations for each method is uniformly set at 2000.

5.2.1. Well number: YUGDD7-20

The maximum strokes per minute for the BPU used in this
production well is 2.5 min~. According to the polished rod evalu-
ation method described in Section 3, the dynamometer card of the
BPU is depicted in Fig. 17. The shape characteristics of the measured
dynamometer card seem to indicate high production performance
as well as vibration of the polished rod (Fakher et al., 2021).
Fig. 18(a), (b) and (c) display the optimization results of variables 7,
mr and mg, respectively. In these figures, “Load 1” and “Load 2”
correspond to two types of polished rod loads estimated by theo-
retical models, while “Load 3” corresponds to the measured pol-
ished rod load. From the distribution of these results, the outcomes
obtained by the PSO based and GWO based methods are completely
consistent. However, the results obtained by the GA based method
are highly dispersed. Another interesting observation is that the
optimization results for variables under “Load 1” and “Load 3” are
almost identical, suggesting a strong correlation between theoret-
ical models and actual measurements in these scenarios.

The variable results obtained from three types of polished rod
loads are listed in Table 4. The serial numbers of the parameter
groups correspond to the three types of loads depicted in Fig. 18.
The primary purpose of the theoretical estimation of the polished
rod load is to provide convenient guidance for the balance opti-
mization of BPUs in actual production settings. To compare the
balance performance of BPUs under these three parameter groups,
the torque of the BPU under the measured load is evaluated, as
shown in Fig. 19. Additionally, the RMS torque and CLF are calcu-
lated, as detailed in Table 4. Parameter group 3, which was derived
based on the measured load, exhibits relatively smaller RMS torque
and CLF values. However, overall, the differences among the groups
are not substantial. Therefore, for the current measured well con-
dition, the balance performance optimization based on the two
theoretical polished rods described in this paper is also deemed
acceptable.

5.2.2. Well number: YUGDD10P428
The maximum strokes per minute for the BPU used in this
production well is 1.48 min~'. The theoretically evaluated and
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Table 2
Basic structure parameters of three BPUs.
Structure parameter A*, mm C, mm H*, mm I, mm P, mm R, mm Smax, M
Sample 1 3000 1520 3482 2685 3880 700 2,970
Sample 2 3000 1520 3567 2602 3900 700 2.970
Sample 3 3000 1520 3663 2464 3900 700 2.970
CYJW7-3-23HF 3000 1500 3700 2000 3820 708 2.980
Table 3
Parameters of improved BPU.
Structure parameter Mass parameter
Nomenclature Value Nomenclature Value Nomenclature Value
1 40, ° A 3000, mm mp 625.6, kg
Y4 5.2,° C 1520, mm mc 521.6, kg
I 2677, mm P 3900, mm mg 450.2, kg
I 2238, mm R 700, mm my 4455, kg
I3 3825, mm H 3567, mm my 1134.7, kg
Iy 450, mm I 2602, mm mr [0, 3000], kg
Is 0, mm Tc 8,° mg [0, 4500], kg
Is 700, mm T [0, 40], °
I7 1030, mm

measured dynamometer card for this BPU is displayed in Fig. 20.
The measured dynamometer card suggests potential issues with
gas interference or insufficient liquid supply, indicated by the
delayed closing of the travelling valve. Fig. 21(a)—(c) show the
optimization results of variables 7, mp and mg, respectively. The
distribution characteristics of these results reveal that the out-
comes obtained via PSO based algorithm and GWO based algorithm
are consistent, further demonstrating the robustness of these two
methods. It is noted that the values of my corresponding to Load 2
and Load 3 have reached the upper limit, while the optimization
results for the other two variables show significant differences.
The variable results obtained from three types of polished rod
loads are listed in Table 5. The impact of these three parameter
groups on the balance of BPUs is still evaluated based on the net
torque of gearbox and the CLF, with their values displayed in Fig. 22
and Table 5. The RMS torque and CLF corresponding to parameter
group 3 are the smallest, with a minimum CLF of 1.749, indicating
that the torque fluctuation is still significant. The CLF values for the
other two parameter groups have increased by 12% and 17%,

50

Constant mass
—&— Simplified dynamic load
—@— Measured data

Q, kN

S,m

Fig. 17. The theoretical evaluation and measured dynamometer card.
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respectively. This result indicates that the two theoretical models of
polished rod evaluation previously mentioned do not suit the cur-
rent well conditions.

Based on the analysis results from the two wells discussed, it is
clear that balance optimization of the BPU, particularly when based
on the measured polished rod load, significantly reduces power
consumption and enhances operational stability. Furthermore, the
balance optimization methods utilizing the PSO algorithm and
GWO algorithm have demonstrated their ability to achieve global
optimal solutions. Figs. 18(d) and 21(d) both demonstrate good
convergence of these two algorithms. The calculations further
reveal that after 1000 iterations, the PSO and GWO algorithms take
relatively less time, 197 s and 182 s respectively, while the GA al-
gorithm takes considerably longer than them, possibly due to its
sensitivity to population size in terms of computation time. Among
the three optimization algorithms examined in this study, the
GWO-based algorithm exhibits superior adaptability for both
structural and balance optimization of BPUs.

6. Conclusion

This paper addresses the optimization design of compound
balanced BPUs, focusing on structure and balance optimizations. A
detailed optimization scheme leveraging three algorithms, such as
PSO, GA and GWO, was established. This scheme offers effective
methods and technical support for the design and operation of
BPUs. The main findings attained, and the recommendations given
can be summed up as follows.

1) A dynamic model of compound balanced BPU was developed
based on the D’Alembert’s principle. This dynamic model vividly
illustrates the influence of the polished rod and the dynamic
characteristics of the moving components of the BPU on the
gearbox torque. It serves as a theoretical foundation for both
structural and balance optimizations.

2) Constraint conditions derived from the fundamental principles
of the 4-bar linkage and practical design experience, ensure the
rationality of the structural dimensions obtained through the
proposed optimization method. An optimal solution exists for
variables C, I, P, and R, assuming a fixed height H. Among the
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Table 4
Optimization results and balance performance indicators.
Parameter group T, ° mr, kg mg, kg RMS torque Me, KN-m  CLF
1 20.22 681.36 245257 7.548 1.113
2 1894 379.34 3185.15 7.566 1.117
3 1945 640.15 2518.19 7.539 1.112
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Fig. 19. Net torque curve of gearbox.
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algorithms tested, the GWO-based method demonstrated su-

perior robustness in structural optimization.

3) A strategy for optimizing the balance of BPUs based on the
measured dynamometer card was proposed, using the PSO, GA

Q, kN

and GWO based optimiz

ation algorithms. Example calculations

70

—=—— Constant mass
—&— Simplified dynamic load
—=@— Measured data

30

20 T T

2.0 25 3.0

S,m

Fig. 20. Theoretical evaluation and measured dynamometer card.
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Parameter group T, ° mr, kg mg, kg RMS torque Me, kN-m  CLF

1 19.34 768.58 343548 15.095 2.041
2 18.09 38546 4500.00 14.455 1.956
3 13.02 69622 4500.00 12.921 1.749

reveal that both PSO based and GWO based optimization
methods exhibit robust performance in balance optimization.
Adjusting the counterweight according to these optimization
results can significantly reduce the gearbox torque. This strategy
is critically important for enhancing energy efficiency and

operational stability of BPUs.
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