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Abstract

The structural size parameters (SSP) of the beam pumping unit (BPU) are crucial for
kinematic analysis and other related technologies. However, early equipment often
lacked data, and measuring a large number of SSPs for the BPU is costly and inefficient.
To enable the automatic recognition of SSPs and reduce labor and resource investments,
this paper proposes a method for recognizing the SSPs of the BPU. A kinematic model for
calculating the crank angle based on beam tilt angle and SSPs is established, along with
an SSP recognition model. Based on the traditional particle swarm optimization (PSO)
algorithm, a comprehensive enhanced particle swarm optimization (CEPSO) algorithm
is designed to solve the model. Latin hypercube sampling (LHS) is used to obtain the
initial values of the SSPs, which are then substituted into the kinematic model using the
measured beam tilt angle. The algorithm aims to minimize the average absolute error
between the measured and calculated crank angles. The CEPSO algorithm iteratively
updates the SSP values, and when the error converges to a minimum, the SSPs are
obtained. Experimental results demonstrate the effectiveness of the model and the
algorithm. The parameter recognition error of the CEPSO algorithm is within 5%,
significantly outperforming traditional PSO. This method provides a new technological
approach for measuring SSPs.
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1. Introduction

The BPU is one of the primary pieces of production equipment in oilfields, with a large installed
capacity worldwide[1]. Real-time kinematic analysis of the BPU can be used to optimize design,
fault detection, and motion balance analysis of the unit[2]. The four-bar linkage mechanism is
a key component of the BPU, and the SSPs of its rods are crucial for calculating torque factors,
displacement, speed, and acceleration of the sucker rod[3]. Additionally, many emerging
technologies, such as calculating dynamometer cards (DC) based on measured electrical
power[4], fault diagnosis[5], energy-saving variable-speed drives for pumping units[6], and
beam balancing calculation models[7], also rely on precise SSPs. Therefore, accurately
identifying SSPs is essential for implementing these new technologies.

Currently, SSPs are provided by manufacturers. However, due to size changes caused by
equipment installation and long-term use, these parameters often fail to reflect the actual
situation accurately[8]. This is particularly true in aging oilfields, where poor management or
data loss often results in inaccurate or unavailable SSPs. Measuring the SSPs of a large number
of BPUs is labor- and resource-intensive, and inefficient. Therefore, developing an effective soft
measurement method for obtaining SSPs is of great importance.
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In recent years, deep learning-based keypoint detection models have been used for real-time
monitoring of the motion trajectory of BPUs. By acquiring real-time video streams via cameras
and integrating deep learning techniques, the movement of key points, such as the sucker rod,
can be accurately recognized[2][9][10]. However, due to limitations in camera installation
locations and environmental conditions, these methods are limited in scattered development
oilfields. This is particularly true for remote oil wells far from the oilfield's core area, where the
high costs and maintenance requirements of existing monitoring equipment present challenges
to widespread use. Based on the BPU's four-bar linkage motion model, Yin J[8] et al. proposed
an SSP identification algorithm using the Kalman filter with nonlinear constraints. This
algorithm calculates the sucker rod displacement equation using crank angle and rod length,
and establishes a model for calculating crank angle based on electrical and motor nameplate
parameters. Due to the highly nonlinear characteristics of the four-bar linkage motion and the
need to identify multiple parameters, this algorithm has high computational complexity and is
highly sensitive to initial parameter values. Therefore, there is a need for an algorithm better
suited to identify the SSPs of the pumping unit. PSO has been widely applied[11][12][13] due
to its global random search, simple algorithmic structure, robustness, and fast computation
when solving nonlinear problems. However, PSO still faces challenges regarding local optima
and requires further improvements in algorithm structure and optimization efficiency.
Moreover, in practical engineering, due to design, manufacturing, and installation errors, the
initial crank angle when the horsehead reaches the top and bottom dead centers can be severely
affected[14]. Additionally, belt slippage, causing disproportionate motor speed and crankshaft
speed, further impacts the accuracy of sucker rod displacement calculations. These factors limit
the effectiveness of dimension identification methods based solely on crank angle models. Zhao
H[15] et al. established a mathematical model for calculating the torque factor using beam tilt
angles. Results from practical engineering applications show that this method is more accurate
than calculating torque factors based on crank angle. The method demonstrates good stability
and practical engineering applicability. By measuring the beam tilt angle to calculate sucker rod
displacement, higher accuracy is achieved. This method is not affected by stroke, stroke cycles,
or other process parameters, making it more accurate in determining a complete stroke cycle.
This method is applicable to various types and models of beam pumping units[16]. Therefore,
measuring the beam angle improves the accuracy of sucker rod displacement calculations and
directly provides movement information for the sucker rod.

1.1. Contributions

The core objective of this study is to identify SSPs for the BPU. The shortcomings of the
aforementioned methods are outlined below: Deep learning-based key point detection methods
are unsuitable for scattered oil wells. Additionally, single-well SSP identification algorithms
based on the BPU's four-bar linkage motion model are complex and prone to errors in the
geometric model. Furthermore, the application of PSO in parameter identification needs further
improvement. Engineering practice has shown that measuring the beam tilt angle is highly
effective. Based on these backgrounds and requirements, this paper proposes a method using
CEPSO algorithms for the fast and accurate identification of SSPs for the BPU. The contributions
of this paper are outlined below:

(1) A kinematic model for calculating the crank angle based on beam tilt angles and SSPs is
proposed.

(2) An SSP identification method based on the kinematic model is developed.
(3) The PSO algorithm is improved, and a CEPSO algorithm for SSP identification is proposed.
(4) The practicality of this method for SSP identification in BPU is explored.
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2. Materials and Methods

2.1. Kinematic Model of BPU

Parameter identification combines theoretical models with experimental data to determine
model parameters, minimizing the error between the model output and actual observed data.
Essentially, it is an optimization problem within the parameter space[17]. Thus, the first step is
to establish the mathematical model of the BPU and convert it into an optimization problem.

Under the assumption of generality, the beam pumping unit can be simplified as the four-bar
mechanism geometric model shown in Fig 1. The meanings of the parameters are as follows: R:
Crank radius(m), L: Link length(m), L,: Front arm length of the beam(m), Lg: Rear arm length
of the beam(m), P: Base rod length(m), Q: Length of the line connecting the crank's rotation
center with the connection point between the link and the beam(m), J: Length of the line
connecting the beam's rotation center with the connection point between the crank and the
link(m), a: Angle between the crank and the link(°), B: Angle between the link and the beam(°),
¢: Crank angle(®), 8: Angle between the rear arm of the beam and the horizontal direction. It is
considered positive above the horizontal line and negative below the horizontal line(®), 6;:
Angle between the base rod and the horizontal line passing through the rotation center of the
beam(®), ¢o: Angle between the base rod and the line O, B; (where the crank and the link are
collinear, and the horsehead is at the bottom dead point) (°), ¢;: Angle between 0, B; and the
vertical direction(°®), ¢py;: Angle between the base rod and the vertical direction(°).

(a) Up stroke (b) Down stroke
Fig 1. Four-bar linkage mechanism of beam pumping unit

The following geometric relationship formula can be obtained through analysis:

Q°=R*+I’-2-R-L-cosa (D
Q'=P+L,-2-P-L,-cos(0+6,) (2)
J'=L,+L~-2-L,-L-cosf (3)
J' =P +R —2-P-R-cos(¢, + @) (4)
2 2 2
In the formula: ¢, = ar cos P (R+L) — L, » 6 =arcsin(H / P)
2P(R+1L)
As shown in Fig 1(a), during the up stroke, the following geometric relationship is satisfied:
g +d+a+pf+0+6 =2n (5)
As shown in Fig 1(b), during the up stroke, the following geometric relationship is satisfied:
G +P+p+0+0 =27+ (6)
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By combining equations (1) and (2):
R+ -P'—L,+2-P-L,-cos(6+6,)

@ = ar cos (7)
2RL
During the up stroke, it can be obtained from equations (3), (4)and (5)that:
t[Rsingél +sin(a —¢1)}—H+LB sind
m| L L
¢,, = arcos (8)
n Bsin¢l +sin(a—¢) |- BCOS(A —cos(a—¢,)
m| L L
In the formula, t = L}, + I’ — P> - R’;
T
¢ = 5 0 —dy;
m=2L,Lsin (27 —¢,—0—6, —a)+2RPsing,;
n=2L,Lsin(2z —¢,—60—6,—a)—2RPsing,.
During the down stroke, it can be obtained from equations (3), (4)and (6)that:
t[Rsin¢] —sin(a+¢5l)}—H+LB sin¢
M| L L
¢down =arcos (9)
N|R . . R
v Zsmqﬁl —sin(a+4¢,) |- Zcos¢] —cos(a+¢,)

In the formula, M =2L,Lsin(27 —¢,—0 -0, +a)+2RPsing,;
N=2L,Lsin2r —¢,—0 -6, +a)—2RPsing,.

Thus, a mathematical model for calculating the crank angle of a pumping unit based on the
inclination angle of the beam can be obtained:

d [Rsin¢1+sin(a—¢l)}—H+LB sin@
m| L L
ar cos R z ,up stroke
Z{Lsin¢1+sin(a—¢l)}—[Lc0s¢1—cos(a—¢l)}
7= t | R H+L,sind (10)
M[Lsin¢l—sin(a+¢1)}—+zsm
ar cos NTR 2 ,down stroke
M[Lsin¢1—sin(a+¢l)}—[Lc0s¢1—cos(a+¢l)}

2.2. SSP Identification Model
The objective function established based on the above mathematical model is as follows:

€)= ()

In the equation, § =[&,...,&s] = [R,L,P,H,Lg] represents the solution vector of the
parameters to be determined; qbiref and ¢; represent the measured and calculated values of the
crank angle, respectively; n denotes the number of data points measured within one cycle.

Each parameter has specific bounds, and the range for the oil pump dimensions can be easily
determined. To simplify the process, each parameter's value range is assumed to be consistent,
i.e, Emin < & < &nax- However, implicit constraints exist within this range. Since the inverse
trigonometric functions arcsin(2) and arccos(f2) are used in the model, where 2 is the
argument with a valid range of [—1,1], it is crucial to ensure (2 stays within this range during

34



Scientific Journal of Technology Volume 7 Issue 3, 2025
ISSN: 2688-8645

the calculation. To avoid adding complexity by treating all inverse trigonometric functions as
constraints, the following approach is adopted: First, check if 2 exceeds the defined domain. If
it does, restrict it to the boundary values of the domain, as shown in equation (12).

-1, ~1>0
0={0, ~1<Q<1 (12)
1, 1>0

Based on the above, the high-dimensional optimization problem for identifying the SSP of the
BPU can be formulated as follows:

min f(§) == 3" |4 =]

S.L. émin S f < gmax
The goal of parameter identification is to find a set of parameters §;¢ that minimizes f (). Next,
a CEPSO algorithm is established to solve this problem.

The model shown in equation (10) cannot calculate the length of the beam's forearm L,.
However, the swing angle of the beam is proportional to the displacement of the suspension
point. According to the geometric model shown in Fig 1, the corresponding relationship is given
by the following equation[16].

(13)

L= (14)
6,0,

In the equation, 6,, represents the angle between the beam's rear arm and the horizontal
direction when the horsehead is at the bottom dead center, in radians; 8 represents the angle
between the beam's rear arm and the horizontal direction at a given moment, in radians.
The length of the beam's front arm, L4, can be calculated using Equation (14), but this formula
is invalid when the horsehead is at the bottom dead center. To avoid significant deviations due
to sensor measurement errors, Ly is calculated as follows: First, data corresponding to the
bottom dead center are excluded from the dataset. The remaining data are then used to
compute a vector of L, values, denoted as L = [LAl, s LA(n_j)] , wWhere j represents the
number of data points corresponding to the bottom dead center within one cycle. Next,
Shawnee data selection criteria[18] are used to decide whether to accept or reject anomalous
outliers in L. Finally, the average of the remaining data is calculated to obtain the beam arm
length, L,.

2.3. The Method for IdentifyingSSP of BPU

Fig 1 shows the schematic diagram of the beam pumping unit SSP identification process. The
procedure begins by obtaining the measured data: one cycle of beam angle 0, crank angle ¢"¢/,
sucker rod displacement S, and crank radius R,,,. Next, LHS is used to randomly generate a
dataset, T = (&4, ..., &), containing m parameter vectors within the range [&,,in, Emaxl- These
parameter vectors serve as the initial values for the CEPSO iteration, accounting for the
algorithm's randomness. The condition f(f,-f) < Ais set during the iteration to determine the
optimal parameter vector §;r = (Rif, Lis, Pis, Hif, LBif). Finally, the identified parameter vector
§if isadjusted based on Ry, to obtain the SSP identification values § = (R, L, P, H, Lg). The beam
front arm length, L,, is then calculated using the beam angle and the displacement.

LHS is a stratified sampling technique that ensures good uniformity in high-dimensional space,
with initial values generated by LHS[19]. In the five-dimensional optimization problem
discussed in this paper, LHS improves the global search capability and convergence speed of
the CEPSO algorithm. The dimensions of the pumping unit remain valid for the mathematical
model shown in Equation (10) even when scaled arbitrarily, resulting in many optimal
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solutions that satisfy Equation (10).This characteristic allows CEPSO to obtain the global
optimal solution. However, the optimal parameter vector §;r may not represent the actual

values and requires correction using real measurements. The crank radius, R,,, is relatively
easy to measure, and the ratio k between R,,, and Ry is used for correction.

Measure

'

Beam angle: 0
CEPSO <-|: Crank angle:¢"

Displacement: S o 'ﬁ

./'(:,,> Crank radius:Rm U =[L, Lyl ]

Yes .
J Adjust 5 l)‘ Soie
£ir= (Rif. L. Pir. Hi. LBif) Shawnee Data Selection

Criteria

No

\ 4
¢ =(R,L,P,H,LB)

L

A

Fig 2. SSP Identification Process for Beam Pumping Units

_ Ry

&=(R,L,P,H,Ly,) & =k&, (15)

if
2.4. Design of the CEPSO Algorithm

PSO is a swarm intelligence algorithm inspired by the foraging behavior of birds. In this study,
PSO is applied to a five-dimensional optimization problem, where the parameter vector T =
(&4, ..., &q) represents the positions of the particles, and the velocity of each particle is denoted
asV = (v, ..., v,,,). The algorithm searches for the optimal solution by continuously updating
the velocity V;; and position &;; of each particle[20].

VItJH =w: Vf; + G0y (gltJ,pbest - X;J ) + L(R) (thbest - X;J ) (16)
& =&, +Vy a4

In the equations, I ranges from 1 to 5, /] ranges from 1 to m, and t represents the current
iteration step.w is the inertia weight, r(g 1) is a random number between 0 and 1, ¢, is the

cognitive learning factor, and c, is the social learning factor. ff]'pbest represents the historical
best position of the Ith particle, and Egbest represents the global best position of the entire
swarm.

Metaheuristic algorithms need to balance exploration and exploitation. In the initial stages,
strong exploration is needed to locate the global optimum region, while in the later stages,
exploitation should be enhanced to fine-tune the solutions and achieve a more precise global
optimum|[21]. As shown in Equation (16), in PSO, the exploration and exploitation capabilities
depend on three parameters, w, c;, and c,:(1)w controls the influence of the previous velocity
on the current one. A larger w strengthens exploration but weakens exploitation. (2) c;
increases the attract(2)ion of the particle to its best position. A larger c; strengthens
exploration but weakens exploitation. (3)c, increases the attraction of the particle to the global
best position. A larger ¢, weakens exploration but strengthens exploitation.
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Thus, during algorithm operation, w, c¢;, and ¢, are dynamically adjusted in a non-linear
manner to optimize the balance between exploration and exploitation, improving the
algorithm's performance. The adjustment strategy is as follows:

Wt = Wmax - (Wmax Wmm)snl[ 2 t/tmax j (18)
Clt = Clmax - (clmax Wlmm ) Sln( 2 4\/ t/tmax ] (19)
CZ[ = CZmin + (CZmax WZmln ) Sln( 2 4\/ t/tmax ] (2 0)

In the above equation, w,,,, and w,,;, represent the maximum and minimum values of the
inertia weight; ¢1,,4x and ¢y, represent the maximum and minimum values of the cognitive
learning factor; cypqy and cypin represent the maximum and minimum values of the social
learning factor; and t,,,,, is the maximum number of iterations.

Increasing the diversity of the population can further enhance the global search ability[22]. To
achieve this, the concept of Opposition-based Learning (OBL) is introduced. This method
enhances the diversity of the population by applying an opposition transformation to the
existing population[23]. Specifically, let ¢;; be a pointin T = (§y, ..., &), then its opposite value

OBL ;. .
ij s given by:

ePt=g +& &, I=l..,myJ=1..5 (21)

For each point in the current population, apply the operation in Equation (21) to generate an
opposite population, T98L = (£9BL, ..., £9BL). Next, substitute each value from %L into the
objective function. Select the top m parameter vectors with the smallest objective function
values from both populations for the next iteration. Incorporating OBL allows the algorithm to
explore a broader solution space, enhancing its global search capability.

In traditional PSO algorithms, when a particle exceeds the value range, its value is usually set
to the upper or lower bound. This can cause significant population clustering, reducing
diversity and increasing the likelihood of the algorithm converging to a local optimum[24]. To
address this, a boundary rebound strategy is introduced:

5' max }"(0 1) (élJ émax )’ éIJ > émax
Y émin + I"(O, 1) ' (gmin - 51./)’ gIJ < émin

Similarly, when a particle's velocity exceeds the value range, the same operation is applied to
adjust its velocity:

(22)

, Voux — 70D -V, =V )y Yy >V
v, :{ max ( ) ( §as max) J (23)

vmin + V(O, 1) ’ (vmin - vIJ)’ V[J < vmin

3. Experimental Results

3.1. Experimental Setup

To verify the effectiveness of the above dimension identification method, the CEPSO algorithm
was implemented using MATLAB. The measured data for one cycle of the pumping unit
included the beam angle 6, crank angle ¢/, and plunger displacement §. The measured
sequence length was n = 511. The curve of the measured data is shown in Fig 3. Table 1 lists
the structural dimension parameters of the test pumping unit, and Table 2 shows the settings
of the CEPSO algorithm parameters.
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Tin

Fig 3. The éxperimental data

Table 1. SSP of beam pumping unit

Structural size parameters L, R L Lg P H
Measurement value(m) 3.640 1.120 3.400 2.745 4.424 3.470
Table 2. The setting values of intermediate parameters in CEPSO algorithm
Parameter Value Parameter Value Parameter Value
fmin 0 Cimax 3 m 100
fmax 10 Comin 1 tmax 200
Wonin 0.5 Comax 2 A 1
Wiax 0.8 VUmin -1
Cimin 2 Umax 1
3.2. Results

First, the real SSP values are substituted into the mathematical model shown in Equation (10)
to validate the model by calculating the crank angle. Fig 4 compares the calculated crank angle
with the measured values. The results show that the calculated values align well with the
measured values, confirming that the model accurately represents the geometric relationship
between the crank angle and the beam tilt angle.

Next, the effectiveness of the parameter identification process is validated. A comparison
between the identified and actual parameter values is made, and the relative errors are
calculated, as shown in Table 3. Overall, the identified values closely match the actual values,
with small errors. This indicates that the CEPSO algorithm is highly accurate and effective. The
identification error for each parameter is within 5%, with the maximum relative error being
4.54%. Thus, the proposed algorithm is reliable for identifying dimensional parameters and
accurately recognizing the SSP of the BPU.

350 —— Crank angle measurement value
—— Crank angle calculation value

300

0 T T T T T T T T T T
0.0 25 50 7.5 10,0 125 15.0 17.%3 20.0 22.5 25.0
Time

Fig 4. Measured and calculated values of crank angle
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Table 3. Measured Values and Identified Values of SSP

SSP L, R L Ly P H
Identification value(m) 3.686 1.12 3.308 2.713 4.223 3.384
relative error(%) 1.26 0 2.71 1.80 4.54 2.48

Fig 5 presents the variation curve of the calculated beam arm length L throughout the entire
cycle, both before and after removing outliers, using Equation (14). The figure shows significant
calculation errors at the beginning and end of the cycle. If these points with large errors are not
excluded and all values are averaged, the calculation error of the beam arm length will increase.
To improve accuracy, the Shawnee data selection criteria are applied to eliminate outliers with
large deviations.

et

Ly/m
o
1

0 35 70 105 140 175 210 245 280 315 350 385 420 455 490
Number

Fig 5. Calculated Value of Beam Front Arm Length

A comparative experiment was conducted to validate the advantages of the CEPSO algorithm
over the traditional PSO algorithm, particularly in avoiding local optima and premature
convergence. In the experiment, the condition f(fif) < A was removed, and 50 repeated
experiments were conducted, considering the algorithm's inherent randomness. In these
experiments, the average value curve, the worst curve (corresponding to the maximum
objective function value), and the best curve (corresponding to the minimum objective function
value) were recorded, as shown in Fig 6. The obtained parameter averages and their relative
errors compared to the actual values are presented in Fig 7 and Table 4. Since the crank radius
requires direct measurement, the recognition error for this parameter was not considered.

Fig 6 shows that, overall, the CEPSO algorithm outperforms the traditional PSO algorithm in
terms of efficiency and reliability. Although each curve stabilizes at a constant value after a
certain number of iterations, the randomness of the algorithm causes a significant gap between
the best and worst curves. However, the parameter identification method proposed in this
paper includes the condition f(f,-f) < A, which enables the CEPSO algorithm to perform
multiple calculations and achieve the desired accuracy, thereby validating the necessity of this
condition.

Further analysis of the mean curve of the objective function shows that, in 50 repeated
experiments, the traditional PSO algorithm often prematurely converges after getting stuck in
a local optimum, halting the search for the global optimum. In contrast, the CEPSO algorithm
exhibits stronger exploration capabilities, continuously searching and eventually converging to
the global optimum. The data in Fig 7 and Table 4 further validate this: compared to the
traditional PSO algorithm, the parameter values obtained by the CEPSO algorithm are closer to
the actual values, with higher accuracy.
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Fig 6. Objective Function Curve of 50 Repeated Experiments

Table 4. The average value of the SSPs from 50 repeated experiments

SSP Average value of CEPSO algorithm(m) Average value of PSO algorithm(m)
L 3.514 2.815
Lg 2.711 2.493
P 4.282 3.783
H 3.589 2.782
i B CEPSO algorithm
Bl PSO algorithm

24. 73%

Fig 7. The relative error of the average value of the SSPs from 50 repeated experiments

In summary, by improving the particle swarm optimization algorithm, both the convergence
speed and stability were significantly enhanced, yielding remarkable optimization results. The
improved CEPSO algorithm not only maintains the stability of the optimization process but also
enhances its exploration capability, making it more efficient and reliable for identifying the SSP
of the BPU.

4. Conclusion

To address the challenge of directly measuring the structural parameters of a beam pumping
unit in practical production, this study proposes a mathematical model that calculates the crank
angle based on beam angle and rod lengths, combined with the CEPSO algorithm for SSP
identification. This method can accurately identify the pumping unit's SSP. Compared to
methods that estimate size parameters using real-time video captured by intelligent patrol
robots, this approach is more cost-effective. Moreover, the algorithm is relatively simple,
iterating over the initial particle swarm to automatically search for the optimal solution within
the parameter range.
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Building upon traditional PSO, this paper introduces concepts such as nonlinear dynamic
adjustment of inertia and learning factors, opposition-based learning, and boundary rebound
strategies, resulting in the CEPSO algorithm. This algorithm outperforms traditional PSO in
terms of performance and effectively avoids the premature convergence issue caused by
limited exploration in the later stages. The improved CEPSO algorithm not only enhances
identification accuracy but also improves stability and global search capabilities in complex
environments.
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