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Abstract

The design parameters of the sucker rod pumping unit (SRPU) are influenced by mul-
tiple factors. Traditional methods based on oil production engineering theories involve
numerous simplifications, making it difficult to effectively address the complex realities
of oilfields, thereby requiring improvement in the reliability of pumping system design
solutions. This paper, based on the massive design schemes and corresponding operational
performance data accumulated during the long-term development of oilfields, innovatively
proposes an intelligent optimization model combining Random Forest and Covariance
Matrix Adaptation Evolution Strategy algorithm (CMA-ES). This model overcomes the
shortcomings of insufficient data and incomplete design indicators in the establishment
of lifting design models. By standardizing and processing the data from 5000 historical
lifting scheme sets, a sample database of SRPU lifting system designs was created, covering
dimensions such as well geology, fluid, and production. Based on this, aiming at system
efficiency and pump life expectancy, geological development characteristic parameters and
lifting design parameters were taken as variables to establish a predictive model for the
operation effect of the lifting system. The dataset was divided into 8:1:1 subsets for training,
hyperparameter tuning and performance testing. Subsequently, an optimization model
was established to jointly optimize the lifting system design parameters. Case studies show
that the intelligent optimization method can simultaneously optimize parameters such as
pump setting depth, pump diameter, stroke, and frequency, with expected improvements
in system efficiency of 6.75% and pump life expectancy of 29%.

Keywords: artificial lift; lifting system design; intelligent optimization; covariance matrix
adaptive evolution strategy

1. Introduction
The sucker rod pumping unit (SRPU) is a widely used artificial lifting method [1],

rational design of SRPU can improve the production performance and efficiency of the
wells, extend the pump life expectancy, and is an important direction to improve oilfield
efficiency [2]. Flow-assurance issues such as asphaltene deposition can affect well pro-
ductivity and the stable operation of lifting systems [3]. Recent studies have shown that
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injection pressure and flow rate are closely tied to equipment performance, and improving
petroleum engineering machinery therefore has a direct impact on reservoir stimulation
and long-term recovery efficiency [4,5]. Due to the many factors that need to be considered
in the optimization process, such as geological conditions, production requirements, and
economic factors, optimizing the design of SRPU is a highly challenging task.

Current SRPU design research broadly follows two streams. Physics- and simulation-
based approaches use production-engineering theory and system models to approximate
field conditions and screen candidate configurations, but they rely on simplifying assump-
tions and often require manual comparison of a limited set of designs, which can miss
globally competitive solutions. Data-driven approaches learn from historical designs and
pair predictors with optimization to balance production and energy use; however, their
effectiveness depends on data scale and coverage, completeness of the factor set and ob-
jectives, and careful model selection to capture complex multi-factor interactions. These
observations motivate our prediction-optimization framework for SRPU design.

Previous research primarily focuses on the impact of SRPU parameters or operating
conditions on system efficiency, energy consumption, and production. On one hand, there
is a problem of insufficient data, as only a few hundred data points have been used to
optimize the model of the beam pumping units. Additionally, there is an issue of incomplete
design objectives, as only SRPU parameters or operating conditions are used to construct
predictive optimization models for efficiency, energy consumption, and production, which
affects the accuracy and effectiveness of the optimization results. On the other hand,
data-driven optimization methods typically require the construction of complex models to
describe the operational patterns of the pump jack system, ensuring good performance on
training data. Most previous studies have used neural networks to build predictive models,
but further exploration is needed to determine which model can achieve better fitting and
prediction results.

To enhance the reliability and accuracy of lifting schemes, a data-driven approach
should be applied to explore patterns in historical lifting system design solutions of pump-
ing units, combining the characteristics of pumping unit lifting system design variables
with geological development parameters, establishing a lifting system design effect predic-
tion model with lifting design operation as the target. By predicting the lifting operation
effects accurately based on different combinations of lifting design parameters, a further
optimization mathematical model of the lifting system design is established, calling upon
the effect prediction model with the goal of optimizing operational effects. The lifting
system design parameters are iteratively optimized to obtain the best design solution.

This paper makes the following major contributions.
A unified SRPU design prediction-optimization framework is developed, which in-

tegrates the rapid predictive capability of the Random Forest regression model with the
global search efficiency of the CMA-ES algorithm. Through this integrated approach, ef-
ficient exploration of the high-dimensional lift-parameter design space is enabled under
specified operational constraints.

A high-quality dataset of 5000 historical lifting cases was constructed, and 15 key indi-
cators were extracted through feature-importance analysis and multicollinearity filtering,
thereby establishing a reliable data foundation for performance prediction.

The rest of the paper is organized as follows. In Section 2, offers a systematic literature
review coupled with a comparative analysis of related work. In Section 3, a mathematical
model for optimizing the design of lifting systems is established. In Section 4, a predictive
model for lifting system performance based on the Random Forest algorithm is constructed.
Section 5 presents an intelligent optimization model for lifting design parameters based on
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the CMA-ES algorithm. Section 6 two test cases are examined. Section 7 summarizes the
main conclusions.

2. Related Work
2.1. Physics and Simulation-Based Approaches

Hansen et al. proposed a model predictive controller that maintains fluid level by
adjusting rod-pump plunger speed while optimizing a coupled rod–well–reservoir model
to represent dynamic well conditions [6]. Xing et al. developed a nonlinear friction
simulation for the pumping rod string and analyzed friction sensitivity factors to guide rod-
pumping system design [7]. Lv et al. introduced an Equivalent Vibration Model (EVM) for
continuous SRPU systems to rapidly predict plunger displacement and polished-rod load,
supporting efficient design studies [8]. He established a 3-D mechanical model for inclined-
shaft pumping pumps and an optimization model for anti-deviation grinding structure and
safe position, optimizing combinations of well pipes using actual field data [9]. Langbauer
et al. proposed a software-based frequency-elastic drive mode employing power-frequency
feedback control, with its load- and energy-reduction effects validated by full-system
simulations and field tests [10]. Jalikop et al. validated Computational Fluid Dynamics
(CFD) model of internal SRPU flow explains mid-cycle standing-valve closure and predicts
a square-root scaling of the critical plunger speed with the ball–fluid density ratio [11].

While more comprehensive than closed-form formulas, these methods can be complex
and still depend on idealizations; in practice, engineers often construct and compare a
small number of simulated designs, which does not guarantee the true optimum.

2.2. Data-Driven Prediction and Intelligent Optimization

Gu et al. trained neural networks on 3000 training and 324 test samples to predict
stroke, load extrema, pump efficiency, production, and power, and then used a strength-
Pareto evolutionary algorithm to maximize oil production while minimizing power con-
sumption [12]. Han et al. formulated a mathematical model for casing gas-assisted rod
pumping and applied genetic algorithms and particle swarm optimization to tune gas
pressure, liquid viscosity, and rod length, improving efficiency and reducing energy con-
sumption [13]. Shi et al. selected 11 parameters (e.g., fluid properties, liquid production
capacity, well trajectory, pump depth) to build a comprehensive evaluation function over
pump efficiency, tons of liquid consumption per hundred meters, and annual operating and
maintenance costs, and trained a deep recursive neural network to select the best artificial-
lift method [14]. Feng et al. used 500 training and 100 test sets with SRPU structural
parameters and operating conditions as inputs to build a neural predictive-optimization
model correlating pump-model parameters with system efficiency, targeting SRPU model
optimization [15].

Overall, the success of data-driven SRPU design hinges on data adequacy, fac-
tor/objective completeness, and appropriate model choice to reflect complex interactions,
key determinants for achieving genuine intelligent automation in lifting-system design [16].

3. Mathematical Model of Lifting System Design
Optimization of the design parameters for the lifting system is based on the geological,

fluid, and production indicators of the oil well. The goal is to find the optimal lifting
design parameters, including stroke, frequency, pump setting depth, pump diameter, while
meeting the production requirements of the well. This optimization aims to ensure that the
lifting system operates to meet production demands, improve operational efficiency, and
extend the life of the oil well [17].



Processes 2025, 13, 3871 4 of 18

From a mathematical perspective, the optimization of design parameters for the
lifting system falls into the category of multi-objective constrained nonlinear mixed-integer
programming problems (CMINP). The objective of CMINP is to find the optimal solution for
a set of decision variables while satisfying a set of constraints, such that multiple objective
functions are optimized or approximated to their optimum [18,19]. When optimizing the
design parameters of the lifting system, it is necessary to first determine the objective
function, optimization variables, and constraints.

3.1. Optimization Variables

Optimization variables refer to the parameters that need to be optimized or designed
in an optimization problem. These parameters can vary independently within a certain
range. For the optimization problem of pump jack lifting system design parameters, the
optimization variables include stroke, frequency, pump setting depth, pump diameter.
Among these, stroke (H), stroke frequency (F), and pump setting depth (B) are continuous
variables, while pump diameter (P) is a discrete variable. Different combinations of these
parameters correspond to different design solutions.

3.2. Objective Function

The objective function, which is the mathematical expression of performance indica-
tors, is used to evaluate the quality of a design solution. For the optimization of the lifting
system design of the pump well, the system efficiency and the pump life expectancy are
selected as objective functions. System efficiency refers to the ratio of the energy input at
the surface converted by the pump well lifting system to the required energy for liquid
uplift, reflecting the energy utilization efficiency of the pump well lifting system [20,21].
Improving system efficiency can reduce energy consumption, save costs, and reduce envi-
ronmental pollution [22]. The pump life expectancy refers to the time interval between one
pump inspection operation and the next in a pump well, reflecting the operational stability
and reliability of the pump well lifting system [23]. Extending the pump life expectancy
can reduce downtime, lower maintenance costs, and increase production efficiency [24].

The selected function variables include four lifting design parameters: stroke, fre-
quency, pump setting depth, pump diameter, as well as geological development charac-
teristic parameters such as dynamic liquid level, water cut, and daily liquid production
capacity, among others.

The stroke is the distance between the traveling barrel of the pump jack when it moves
between the top limit position and bottom limit position during operation; the frequency is
the number of up-and-down reciprocating movements of the pumping rod per minute in
the pump well; pump setting depth refers to the distance from the pump’s base plate down
to the pump’s suction port. Pump diameter refers to the outer diameter of the working
barrel of the pump in a deep well. The expression of the objective function is as follows:

maxS (H, F, B, P, M) (1)

maxT (H, F, B, P, M) (2)

M = [M1, M2, · · · , Mn] (3)

where H represents the stroke, F represents the frequency, B represents the pump setting
depth, P represents the pump diameter, geological development feature M has n indicators,
S (H, F, B, P, M) is the function of system efficiency, and T (H, F, B, P, M) is the function of
pump life expectancy.
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3.3. Constraints

The constraint conditions refer to a series of limitations on the values of the optimiza-
tion variables. The closer these constraint conditions are to actual production conditions,
the closer the solution space and the final solution will be to practical production. For the
optimization problem of the lifting system design of the pump well, the following possible
constraint conditions are introduced:

(1) Upper and lower limit constraints on the stroke (H), frequency (F), and pump
setting depth (B) are determined based on the range of lifting system design indicators in
the database, establishing limits on the range of stroke, frequency, and pump setting depth.

H ∈ [Hmin, Hmax] (4)

F ∈ [Fmin, Fmax] (5)

B ∈ [Bmin, Bmax] (6)

where Hmin represents the minimum stroke value, Hmax represents the maximum stroke
value, Fmin represents the minimum frequency value, Fmax represents the maximum fre-
quency value, Bmin represents the minimum pump setting depth value, and Bmax represents
the maximum pump setting depth value.

(2) Upper and lower limit constraints on the pump diameter (P) refer to the outer
diameter of the working barrel of the pump in a deep well, restricting the range of pump
diameters for each well within given limits.

P ∈ {P1, P2, · · · , Pn} (7)

where Pn represents the pump diameter value.
(3) Upper and lower limit constraints on submergence depth (G) refer to the depth

below the dynamic liquid level at which the pump is submerged, calculated as the difference
between pump depth (B) and dynamic liquid level (D), where G = B − D. Therefore,
submergence depth varies with changes in pump depth. It is important to keep the
submergence depth within a reasonable range, neither too large nor too small.

G ∈ [Gmin, Gmax] (8)

where Gmin represents the minimum submergence depth value, and Gmax represents the
maximum submergence depth value

(4) Displacement constraint: The product of stroke, frequency, and pump diame-
ter needs to remain approximately constant, denoted as C. In the optimization process,
two variables are selected as decision variables, and the third is computed from them.
When the computed value exceeds its allowable range, a penalty term is added to the
objective function.

H × F × P = C (9)

Reasonable upper and lower bounds help the optimization run more efficiently. In
this study, these limits are drawn from the data range or set by field engineers according to
practical experience.

4. Lifting System Performance Prediction Model
There are different calculation methods for the objective function. The traditional

design method of the oil pumping system, based on petroleum engineering theory, predicts
the performance indicators of the lifting system, often using assumed values and simplified
equivalent models, which are subjective and result in less than ideal on-site operational
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results. Similar issues appear in hydrate-risk prediction models for deep-water wells [25].
Therefore, a data-driven lifting design method has been developed, which constructs
an intelligent prediction model based on a large amount of historical data to achieve
performance prediction under different lifting system design parameters.

4.1. Establishment of the Sample Library

Data related to the lifting system design of 5000 oil pumping wells in a certain oilfield
was collected, covering indicators from dimensions such as geological characteristics, fluids,
and production. The dataset used in this study is from an oilfield in eastern China, with
wells distributed across integrated, fault-block, low-permeability, and heavy-oil reservoirs.
These reservoir types ensure that the lifting-system design indicators cover a wide range of
operating conditions. Combining petroleum engineering theory and expert experience, a set
of indicators for the lifting system design was further determined, including 17 geological
development characteristic indicators such as dynamic liquid level, water cut, daily liquid
production capacity, and crude oil density; 4 lifting system design indicators such as
stroke, frequency, pump setting depth, and pump diameter; and 2 operational performance
indicators such as system efficiency and pump life expectancy.

To enhance the reliability of the data, data cleansing was performed on the indicators.
Missing data were supplemented through interpolation. Data anomalies were moni-
tored using the 3σ principle, and experts cross-checked and corrected the data based on
their understanding.

To improve sample quality and reduce data processing dimensions, the Mean Decrease
Impurity (MDI) method was used to analyze the main influencing factors of the lifting
indicators. MDI is a feature selection method based on Random Forest, where the reduction
in prediction error after adding a feature is used as the evaluation criterion for feature
importance [26]. The importance of each feature was calculated in turn, and the features
were ranked according to their importance, as shown in Figure 1.

Figure 1. Feature importance ranking.

A cumulative contribution of 0.95 is widely accepted as the cutoff, and this threshold
is applied in determining the selected features.
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From Figure 1, it can be seen that when the feature importance threshold is set to 0.03,
removing six low-variance indicators including casing pressure, annual water production,
back pressure, crude oil density, monthly gas production, and annual oil production, the
sum of the remaining 15 indicators is 0.946.

Based on this, the remaining 15 indicators were analyzed for multicollinearity using
pairwise Pearson correlations [27,28]. Indicators with high correlation (greater than 0.8)
were considered redundant. This threshold was selected because correlation coefficients
between 0.8 and 1.0 are categorized as “very strong,” whereas 0.6–0.8 are considered
“moderately strong” according to established guidelines [29]. The correlation analysis is
shown in Figure 2.

Figure 2. Correlation analysis.

Comparing all features pairwise, if the absolute value of the Pearson correlation
coefficient between two features exceeds the threshold of 0.8, then one of the features
is removed. From Figure 2, it can be observed that the Pearson correlation coefficient
between monthly water production and daily liquid capacity is 0.98, the displacement
and daily liquid capacity have a correlation coefficient of 0.91, and the displacement and
monthly water production are correlated with a coefficient of 0.9, displacement and pump
diameter are correlated with a coefficient of 0.85. Therefore, two highly correlated indicators,
including monthly water production, and displacement, were removed.

After the above processing, a sample library for the lifting system design of 5000 oil
pumping wells was prepared. It includes a total of 15 lifting system design indicators:
9 geological development characteristic indicators such as dynamic liquid level, monthly
oil production, water cut, daily oil production capacity, daily liquid production capacity,
annual gas production, crude oil viscosity, depth of kick off point, and maximum well
inclination angle; 4 lifting system design parameter indicators such as stroke, frequency,
pump setting depth, and pump diameter; and 2 operational performance indicators such
as system efficiency and pump life expectancy.

All historical field data used in this study were checked on site to ensure their valid-
ity. Although field measurements inevitably contain some uncertainty, the large dataset
and the robustness of the Random Forest model help reduce the impact of individual
noisy samples.
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4.2. Model Architecture

In order to build an effect prediction model for the lifting system design, the Random
Forest algorithm is used as the predictive model, Random Forest is a machine learning
algorithm that uses decision trees as learners and introduces random attribute selection
based on decision trees [30]. For the established model, based on input geological develop-
ment characteristic data and lifting system design parameters, the operational performance
of the lifting system design scheme can be obtained, reflecting clearly the strengths and
weaknesses of the design [31]. The process of constructing the Random Forest in this
algorithm is as follows:

(1) The constructed sample set is divided into three categories of training set A,
validation set B, and test set C in an 8:1:1 ratio. The training set data are used to train
the model and determine the hypothesis function parameters; the validation set data are
used to optimize the model hyperparameters, select the best-performing hyperparameter
combination, and determine the optimal model; the test set data are used to evaluate the
model’s performance. T times of bootstrapping are conducted from training set A to form
T sampling sets;

(2) A Random Forest model consisting of T regression trees is built for each of the T
sampling sets, and the node parameters of each model can be optimized using grid search
methods [32]. The final prediction result is the average of the regression results of each
decision tree model;

(3) The hyperparameters of the model are adjusted on the validation set to mon-
itor whether the model is overfitting and to conduct an initial evaluation of the
prediction model;

(4) The difference between the model’s prediction results and the actual numerical
simulation results on the test set is compared to evaluate the prediction effectiveness of
the model.

4.3. Training Method and Performance Evaluation

The coefficient of determination (R2), a commonly used metric in machine learning,
is chosen to evaluate the performance of a random forest on the training, validation, and
test sets [33]. The R2 value reflects how well the estimated values from the trend line fit
the actual data. The closer the R2 value is to 1, the higher the degree of fit, and the more
reliable the trend line is. The formula for R2 is as follows:

R2 =
SSR
SST

=
∑n

i=1 (ŷi − yi)
2

∑n
i=1 (yi − yi)

2 (10)

where SSR represents the sum of squared differences between the predicted values and the
mean of the original values, while SST represents the sum of squared differences between
the original data and its mean. Here, ŷi denotes the predicted data, yi denotes the mean of
the original data, and yi represents the original data.

5. Design of the Intelligent Optimization Algorithm
When designing the lifting system for pumping units, different design schemes are

often considered simultaneously. The optimal design strategy varies under different
geological development conditions. In the actual development and adjustment of oilfield
schemes, it is often necessary to adjust the lifting system design and related systems
simultaneously. At this point, the mutual influence of the schemes needs to be fully
considered, and simultaneous optimization of stroke, frequency, pump setting depth,
pump diameter is required. The combination optimization problem is more complex than
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single-parameter optimization problems, as it involves more optimization variables and a
more complex mathematical model.

5.1. CMA-ES Algorithm

For the optimization of the lifting system design scheme, the original geological pa-
rameters of the target well and the design parameters of the lifting system are input into
the established intelligent prediction model. Based on the prediction results, intelligent
optimization algorithms are used to continuously update and adjust the indicator param-
eters, further optimizing the lifting system design scheme to achieve the best predicted
results. The Covariance Matrix Adaptation Evolution Strategy algorithm (CMA-ES) is
employed to optimize the design parameters of the lifting system. CMA-ES algorithm
belongs to the class of evolutionary strategy algorithms and is mainly used to solve complex
nonlinear and non-continuous optimization problems [34]. It can be applied in various
fields such as global optimization, multimodal optimization, multi-objective optimization,
and large-scale optimization [35]. By analyzing the principles of the CMA-ES algorithm
and considering the characteristics of the pumping unit well lifting system design, the
intelligent optimization algorithm needs to address the following challenges.

5.2. Target Conversion

The study selects two indicators, system efficiency and pump life expectancy, as the
optimization objectives for the lifting system [36,37]. Therefore, it is necessary to first
transform the multi-objective problem into a single-objective problem. Furthermore, due
to the different dimensions and orders of magnitude of system efficiency and pump life
expectancy, in order to reduce the significant differences between the evaluation indicators
and ensure the reliability of the results, the study uses the linear weighted sum method
to assign appropriate weight coefficients to system efficiency and pump life expectancy
according to their importance. The product sum is then used as the new objective function
as follows.

maxST = S (H, F, B, P, M)× K + T (H, F, B, P, M)× (1 − K) (11)

where K represents the weight coefficient of the objective function. By adjusting the value
of K based on the numerical values of system efficiency and pump life expectancy for
different lifting design methods, the optimization solution can be improved to meet the
expectations of decision-makers.

Equation (11) applies a linear weighted-sum to combine system efficiency and pump
life into a single objective. This method is simple to use but sensitive to weight scaling, and it
only explores the convex part of the Pareto set. Consequently, it provides one compromise
solution rather than a full Pareto front. More complete multi-objective methods (e.g.,
NSGA-II or the ε-constraint method) could capture the full trade-off, but at a higher
computational cost.

5.3. Transform Discrete Data into Continuous

The CMA-ES is primarily used to solve continuous optimization problems. In the
lifting system design parameters, variables such as stroke, frequency, and pump setting
depth are continuous, while pump diameter is a discrete data type. To handle the discrete
variable of pump diameter, a small continuous interval is used to represent an integer value.
However, when evaluating the objective function and constraints, it will be converted back
to the corresponding integer value. This method can be described as follows [38].
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The possible values of the pump diameter P belong to a discrete set, p = {p1, p2, · · · , pn}.
Define a position variable k, represented as:

k = round(x), x ∈ [1, n] (12)

where n is the size of the set p, x is a continuous variable of 1 to n, and round is used to
convert x into an integer value, the corresponding integer variable:

P = p(k) = pk (13)

5.4. Processing Strategy for Nonlinear Constraints

The penalty function method is the most commonly used approach for handling con-
straints. Its basic idea is to add a penalty term when calculating the objective function value
for individuals that do not satisfy the constraints, making their objective function fitness
worse so that they naturally get eliminated during the function optimization process [36].
In the specific implementation process, a penalty term Q (H, F, B, P, M) is added to the
objective function ST (H, F, B, P, M) to construct a penalty fitness function eval (H, F, B,
P, M):

STeval = ST (H, F, B, P, M) + Q (H, F, B, P, M) (14)

where the penalty term Q (H, F, B, P, M) is the penalty for a solution that does not satisfy
the constraint.

On this basis, the overall intelligent optimization algorithm framework is formed, as
shown in Figure 3.

Figure 3. Optimization workflow of lifting system design parameters.
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As can be seen from Figure 3, the optimization model for the lifting system design
parameters is divided into two parts: I. establishing a lifting system performance prediction
model based on the random forest algorithm; II. establishing a lifting system design
parameter optimization model based on the CMA-ES algorithm.

6. Example Application and Analysis
6.1. Performance Evaluation of the Lifting System Effect Prediction Model

Based on the data of the lifting system design scheme for 5000 pumping wells in
an oilfield as samples, the importance of each characteristic is calculated using the MDI
method, and feature indicators with importance values greater than 0.03 are selected. Then,
a collinearity analysis is conducted on the indicators. If the absolute value of Pearson
correlation coefficient between two features exceeds the threshold of 0.8, one of the features
is deleted, and the input samples are obtained. The input samples are divided into three
categories according to an 8:1:1 ratio to form the training set, validation set, and test set.
The training set is used to train the model and determine the parameters of the hypothesis
function in the model. The validation set is used to optimize the hyperparameters of the
model and select the optimal combination of hyperparameters to determine the optimal
model. The test set is used to evaluate the performance of the model [39,40].

Hyperparameter optimization is important for improving the accuracy of the model.
The grid search cross-validation method is used to optimize the parameters of the Random
Forest prediction model [41–43]. A total of 99 prediction models are trained with different
hyperparameters using 4000 well data from the training set. Then, 500 well data from the
validation set are used to predict the performance of the trained models, and the optimal
hyperparameters are determined based on the evaluation index of the prediction results of
different models. The main hyperparameters of the Random Forest include the maximum
depth of the decision tree and the number of decision trees in each forest model. The
parameter options for the maximum depth of the decision tree are 3, 5, 8, 12, 15, 25, 30, 40,
and 50. The parameter options for the number of decision trees include 50, 80, 100, 120, 150,
200, 300, 500, 800, 1200, and 1500. A 5-fold cross-validation is performed, and the scores of
each model are calculated as shown in Figure 4.

  
(a) (b) 

Figure 4. Optimization performance of the prediction models. (a) system-efficiency prediction model
optimization; (b) pump life-expectancy prediction model optimization.

The red curve represents the average prediction results using 5-fold cross-validation,
while the blue area indicates the variance. From Figure 4, it can be seen that the optimal
parameter results for system efficiency prediction are a decision tree maximum depth of



Processes 2025, 13, 3871 12 of 18

8 and 120 decision trees, resulting in the best performance of 0.83. For pump life expectancy
prediction, the optimal parameter results are a decision tree maximum depth of 5 and
100 decision trees, with the best performance reaching 0.73.

After training the models, to validate the performance of the prediction models, the
test set samples are used as input data, and the predicted results are compared with the
original data, as shown in Figure 5.

  
(a) (b) 

Figure 5. Compares the predicted values with the actual values. (a) Comparison of system efficiency
test set; (b) Compares the predicted values with the actual values.

The horizontal axis represents the actual values, and the vertical axis represents the
predicted values. The red line represents instances where the actual values equal the
predicted values. When the data points on the graph are more concentrated around the
red line, it indicates that the predicted results are closer to the actual values, indicating a
better performance of the prediction model. The predicted calculation results are shown
in Table 1.

Table 1. Predicts the computational results.

Evaluating Indicator System Efficiency Pump Life Expectancy

Training set R2 0.93 0.80
Validation set R2 0.83 0.73

Test set R2 0.80 0.71

As can be seen from Table 1, the model fitting effect is good at this time, which
proves that the model has excellent performance, good generalization ability and
certain applicability.

6.2. Optimization Performance Evaluation of Lifting System Design Parameters

Two wells were randomly selected and the relevant data are shown in Table 2.
During the optimization process, system efficiency and pump life expectancy are not

taken from field measurements but are instead predicted by the trained Random Forest
model for each candidate design. The CMA-ES algorithm relies exclusively on these model-
predicted values to evaluate and update lifting parameters. After an optimized scheme is
obtained, it is implemented in the field, and new operational data are collected to verify
the actual improvement. Thus, predictive modeling drives the optimization, while field
data are used only for post-optimization validation.
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Table 2. Production Parameters.

Manufacturing Parameter Well 1 Well 2 Manufacturing Parameter Well 1 Well 2

Dynamic liquid level/m 1002 987 Well depth of kick off point/m 584.76 747.27
Crude oil viscosity/MPa·s 1147 1264 Stroke/m 4.78 6.05

Water cut/% 81.2 70.4 Pump setting depth/m 1032.13 1094.84
Annual gas production/109 m3 0.7 0.21 Pump diameter/mm 70 57

Daily fluid production capacity/t 5.7 2.4 Frequency/times·min−1 1 1.4
Maximum angle of inclination/◦ 42.6 28.5 System efficiency/% 17.7 20.5

Monthly oil production/107 t 32 72 Pump life expectancy/day 723 537
Daily oil production capacity/t 4.8 1.6

From Table 2, it can be seen that the selected lifting system has low efficiency and a
short service life for the lifting design. To address this issue, the CMA-ES algorithm is used
to optimize the design parameters of the lifting system. The specific implementation steps
are as follows:

(1) Objective function: The objective is to maximize the system efficiency and pump life
expectancy, two performance indicators of the lifting system. The multi-objective problem
is transformed into a single-objective problem using linear weighted summation. The
system efficiency and pump life expectancy are assigned appropriate weight coefficients
based on their importance, and their product is used as the new objective function. A
higher value of the objective function indicates a better optimized lifting system design.

(2) Input optimization variable parameters include determining stroke, frequency,
pump setting depth, pump diameter as the four optimization variables. Considering the
actual oilfield conditions, the range of variation for each design parameter is specified,
setting upper and lower limits for each optimization variable. To prevent excessive search
range, for parameters such as stroke, frequency, and pump setting depth, the stroke range is
set from 1 m to 9 m, the number of strokes range is from 0.8 times·min−1 to 9 times·min−1,
and the pump setting depth range is from 350 m to 3400 m. The range is set to be 0.8 to
1.2 times the selected well’s indicator. For the selected 5000 wells, commonly used pump
diameters are: 38, 44, 50, 56, 57, 63, 70, 83, 95, and 105 mm. The pump diameter range is set
to vary within 1 to 2 sizes based on the original well pump diameter data.

(3) Handling strategy for constraint conditions: A penalty term is added to the objec-
tive function ST (H, F, B, P, M) to construct a penalized adaptability function eval (H, F, B, P,
M). I. For a portion of wells, the submersion depth ranges from 300 m to 1150 m. According
to practical mining applications, excessive or insufficient submersion depth will reduce
pump efficiency. There theoretically exists a reasonable submersion depth, determined to
be within 200 m to 500 m. II. Displacement constraints: The product of pump diameter,
stroke, frequency remains approximately constant before and after optimization. Therefore,
a penalty term is added to the objective function:

STeval (H, F, B, P, M) = ST (H, F, B, P, M) + Q (H, F, B, P, M) (15)

where Q is the penalty function, when the parameters do not meet the specified conditions,
Q = −0.9ST; otherwise Q = 0.

(4) Initializing CMA-ES algorithm parameters: Initial values, step size, boundary
constraints, population size, and number of iterations are set. The initial values are the
means of each parameter, the step size is 0.1, the boundary constraints are the upper and
lower limits determined in step 1, the population size is 10, and the number of iterations
is 100.
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(5) Judgment: The maximum fitness value and the average fitness value change
little and tend to stabilize. If the conditions are met, the optimal parameters are output.
Otherwise, the calculation continues until the conditions are satisfied, resulting in the
lifting system parameters when the predicted pump life expectancy and system efficiency
are optimal.

During the optimization process, system efficiency and pump life are obtained from
the predictive model trained on historical field data, because the optimized design has not
yet been applied in the field. After the optimized scheme is put into actual operation, real
field data are collected and used directly to evaluate the actual system efficiency and pump
life, which provides the basis for validating the improvement achieved by the optimization.

The efficiency and pump life expectancy under various parameter combinations are
calculated, and the optimal objective function values are normalized. Here, 0 represents the
global optimal value for the problem, while 1 represents the worst solution. This process
yields the combination of lifting system design parameters at the optimal system efficiency
and pump life expectancy, as shown in the optimization process in Figure 6.

  
(a) (b) 

  
(c) (d) 

Figure 6. Cont.



Processes 2025, 13, 3871 15 of 18

  
(e) (f) 

Figure 6. The optimization process. (a) Well 1 optimization of system efficiency process; (b) Well 1
optimization of pump life expectancy; (c) Well 1 optimization of objective function; (d) Well 2 opti-
mization of system efficiency; (e) Well 2 optimization of pump life expectancy; (f) Well 2 optimization
of objective function.

The red curve represents the average of the optimization results of 10 populations in
each generation, and the blue area indicates the standard deviation. From Figure 6, it can
be observed that the optimization results for system efficiency and pump life expectancy
exhibit oscillations followed by an overall increase. The optimization results of the objective
function eventually converge, yielding the optimization results as shown in Figure 7.

  
(a) (b) 

Figure 7. Optimization search process. (a) Comparison of system efficiency before and after optimiza-
tion; (b) Comparison of pump life expectancy before and after optimization.

From Table 3, it can be seen that based on the optimized combination data, adjustments
were made to the design parameters of the lifting system. Specifically, the pump setting
depth was increased, stroke was increased, frequency was decreased, and pump diameter
was enlarged. As a result of these optimizations, the average system efficiency increased
from 19.1% to 25.85%, representing an expected improvement of 6.75%. The pump life
expectancy also increased from 630 days to 813 days, indicating an expected improvement
of 29%. These improvements result mainly from the optimized parameters operating within
more suitable ranges. The new combination of stroke, frequency, pump diameter, and
pump setting depth leads to a more stable rod-string load and more consistent pump-intake
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conditions. This reduces load fluctuations and improves pump filling, which helps prevent
gas interference and fluid pounding. As a result, the pumping system runs more smoothly,
producing higher efficiency and longer pump life.

Table 3. Optimized scheme.

Optimize the
Well Stroke/m Pump Setting

Depth/m
Pump

Diameter/mm
Frequency/

times·min−1
System

Efficiency/%
Pump Life

Expectancy/d

Well 1 5.71 1218.58 83 0.82 22.37 996
Well 2 4.99 1250.26 57 1.54 29.32 630

7. Conclusions
(1) A smart optimization algorithm model for the design parameters of the oil well lift-

ing system was proposed, aiming to maximize system efficiency and pump life expectancy.
Parameters such as stroke, frequency, pump setting depth, and pump diameter were jointly
optimized to enhance both system efficiency and pump life expectancy after optimization.
Case studies show efficiency gains of 6.75% and pump life improvements of 29% through
coordinated parameter optimization. This method holds theoretical significance and practi-
cal value, providing references and guidance for the design and management of oil well
lifting systems.

(2) This study presents a new approach and means for optimizing the design of lifting
systems, offering valuable insights and references for the efficient utilization of big data in
oilfields and the enhancement of oilfield productivity. By adjusting the weight assigned
to specific indicators based on practical needs, the effectiveness of those indicators can
be enhanced.

(3) Future work will aim to improve the generalization and transparency of the model.
This includes expanding the dataset to cover a wider range of geological and operating
conditions, incorporating physical constraints where appropriate, and exploring multi-
objective algorithms that can provide a more complete description of the trade-offs. In
addition, comparative testing with methods such as Artificial Neural Networks (ANN) and
Response Surface Models (RSM) will be carried out to further assess the performance of
the proposed approach.
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