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Abstract: The productivity ratio is a vital metric for assessing the efficiency of perforated completions.
Accurate and rapid prediction of this ratio is essential for optimizing the perforation design. In
this study, we propose a novel approach that combines three-dimensional finite element numerical
simulation and machine learning techniques to predict the productivity ratio of perforated wells.
Initially, we obtain the productivity ratio of perforated wells under various perforation parameters
using three-dimensional finite element numerical simulation. This generates a sample set for machine
learning. Subsequently, we employ the least squares support vector machine (LSSVM) algorithm to
establish a prediction model for the productivity ratio of perforated wells. To optimize the parameters
of the LSSVM algorithm, we utilize the particle swarm optimization (PSO) algorithm. We compare
our proposed PSO-LSSVM model with that established based on other parameter optimization
methods and machine learning algorithms, such as Grid search-LSSVM, PSO-ANN, and PSO-RF. Our
results demonstrate that the PSO-LSSVM model exhibits rapid convergence, high prediction accuracy,
and strong generalization ability in predicting the productivity ratio of perforated wells. This research
provides a valuable reference and guidance for optimizing perforation design. Additionally, it offers
new insights into predicting the productivity of complex completions.

Keywords: finite element numerical simulation; least squares support vector machine; particle swarm
optimization; productivity ratio; perforated wells

1. Introduction

Perforation completion is a prominent technique utilized in the oil and gas indus-
try for completing wells in oil and gas fields. It has gained significant popularity and
widespread application in the global petroleum sector. The productivity ratio is a vital
metric used to assess the efficiency of perforated completions and serves as a fundamental
basis for optimizing the parameters associated with the perforation process. Extensive
research has been conducted to investigate the productivity ratio or productivity of wells
that have undergone perforation completion [1-5]. Currently, the commonly employed
methods for predicting the productivity ratio or productivity of such wells include physi-
cal experimental methods, semi-analytical methods, and numerical simulation methods.
Physical experimental methods involve artificial rock sample simulation experiments [6,7]
and electrical analog experiments [8]. However, these methods have drawbacks such as
implementation difficulties, long cycles, and high costs. Semi-analytical methods [9,10]
derive formulas based on various assumptions, which often include empirical coefficients
related to perforation parameters. These coefficients are challenging to obtain onsite or
accurately predict, resulting in low prediction accuracy. On the other hand, numerical
simulation methods [11-15] can replicate the physical processes of reservoir exploitation
but require extensive data on oilfield geology and development, which are often difficult to
obtain or have significant uncertainties. This limitation severely impacts the accuracy of a
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numerical simulation. Additionally, numerical simulation methods demand substantial
computational resources, have long processing times, low efficiency, and necessitate predic-
tion personnel with a solid foundation in numerical simulation, posing inconveniences for
engineering applications. Some researchers [16,17] have performed regression analysis on
productivity ratio data obtained from numerical simulation and derived simple linear or
nonlinear fitting formulas. However, due to the numerous influencing factors and complex
relationships involved in the productivity ratio, these fitting formulas obtained through
simple regression often exhibit high errors and limited applicability. Consequently, there is
an urgent need to explore a simpler, more efficient, and data-driven method for predicting
the productivity ratio of perforated wells.

In recent years, machine learning techniques have rapidly developed in the field of
petroleum engineering. Their applications involve reservoir characterization and evalua-
tion [18,19], lithology classification and geological modeling [20,21], reservoir fluid property
prediction [22,23], production optimization and intelligent decision making [24,25], and
fault prediction and maintenance [26,27], providing new approaches for the productivity ra-
tio prediction of perforated wells. Commonly used machine learning regression algorithms
include artificial neural networks (ANN) [28-30], support vector machines (SVM) [31-33],
decision trees (DT) [34-36], and random forests (RF) [37-39]. However, these methods
have certain issues. ANN often require long training times, especially when dealing with
large-scale datasets. Moreover, they and algorithms like DT tend to have high model
complexity, which makes them susceptible to overfitting the training set and, consequently,
leads to decreased performance on the test set. Additionally, these algorithms have mul-
tiple hyperparameters that need to be adjusted, making model optimization a complex
task. Although support vector machines can overcome some of these drawbacks, they also
have limitations in practical applications, such as the presence of noise in training data
and the inability to handle nonlinear problems. In contrast, least squares support vector
machine (LSSVM) offers several advantages. It has a relatively fast training speed, simpler
hyperparameter settings, strong regularization ability, better ability to handle overfitting
problems, and improved performance with noisy data and nonlinear problems.

The objective of this study is to develop a productivity ratio prediction model for per-
forated wells by integrating the particle swarm optimization (PSO) with the least squares
support vector machine (LSSVM). Specifically, the LSSVM technique is employed to estab-
lish the productivity ratio prediction model for perforation wells, while the PSO algorithm
is utilized to optimize the parameters within the LSSVM algorithm. In comparison to other
parameter optimization methods and machine learning algorithms, the combination of the
PSO algorithm and the LSSVM technique proves to be a viable approach for predicting the
productivity ratio of perforated wells.

2. Three-Dimensional Finite Element Analysis for Evaluating the Productivity Ratio of
Perforated Wells

The productivity ratio (PR) is defined as the ratio of the steady-state productivity of a
perforated well to the steady-state productivity of an ideal open-hole well under the same
conditions. The mathematical expression is as follows:

_Q
Qo’

where PR is the productivity ratio of the perforated well, Q is the productivity of the
perforated well, m3/d, and Qo is the productivity of the ideal open-hole well, m3/d, which
can be calculated using the following theoretical formula:
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where K is the formation permeability, /1 is the formation thickness, py, and p. are the bottom
hole pressure and external boundary pressure, respectively, y is the fluid viscosity, and 7y,
and r, are the radius of the wellbore and the circular formation, respectively.

Due to the asymmetry of the perforation hole arrangement and the complexity of the
flow paths, the productivity of perforated wells cannot be accurately determined using
analytical methods. Therefore, numerical methods, specifically the finite element method,
are employed in this study to calculate the productivity of perforated wells under varying
perforation parameters.

2.1. Finite Element Model

When calculating productivity, it is assumed that the fluid flow within the reservoir
is isothermal and in a steady state, adhering to Darcy’s law. The flow equation can be

expressed as follows:
9 () (), (Y _
ox (Kx 8x> + dy (Ky ay) = (KZ 62) =0, @)

where p is the fluid pressure, Pa; and Ky, Ky, and K; are the permeabilities in the x, y, and z
directions, respectively, m?.

Due to the heterogeneity of the formation, the size and shape of the perforation
holes created by the same type of perforating gun may not be identical. Additionally,
the fragments generated during perforation can obstruct the holes, resulting in an un-
evenly compacted zone around the holes. These uncertainties pose challenges in modeling
perforated wells. To simplify the modeling process and facilitate subsequent analysis,
the following simplifications and assumptions are made regarding the perforation holes:
(1) Perforation holes created by the same type of perforating gun are assumed to be identi-
cal. (2) The geometric shape of the perforation holes is considered to be a regular cylinder.
(3) All the holes are assumed to be unobstructed, and the thickness and compaction degree
of the compacted zone around the holes are assumed to be uniform. (4) The shape of
the drilling mud-contaminated zone is assumed to be a cylindrical annulus, uniformly
surrounding the wellbore, and the degree of drilling mud contamination is also assumed
to be uniform. Based on these assumptions, a 3D geometric model of a perforated well,
encompassing the wellbore, perforation holes, compacted zone, and contamination zone, is
established as depicted in Figure 1.

Figure 1. Geometric model of a perforated well.
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The mesh partitioning of geometric models in the context of wellbore simulation
requires careful consideration of both the computational accuracy and efficiency. In this
study, a two-step approach is employed to achieve an optimal mesh refinement. Firstly,
an adaptive mesh refinement method is utilized to refine the mesh around the wellbore
region, taking into account the significant difference in size between the formation and
the wellbore. Subsequently, a mesh size sensitivity analysis is conducted to determine the
final mesh partitioning method, as illustrated in Figure 2. The maximum element size is
set as follows: 0.005 m for the compacted zone around the perforation hole, 0.02 m for the
contaminated zone around the wellbore, 0.05 m for the near-wellbore formation region,
and 0.5 m for the peripheral formation region.

Vavawawawavs’
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Figure 2. Mesh grids.

To simulate the flow field of the reservoir during production from the perforated
well, pressure boundary conditions are applied. Specifically, a pressure difference of
1 MPa is assumed, with 1 MPa and 2 MPa applied as pressure boundary conditions to
the inner wall of the wellbore and the outer boundary of the reservoir, respectively. The
streamline distribution around the wellbore obtained from the numerical simulation is
shown in Figure 3. The results indicate that the reservoir fluid primarily enters the wellbore
through the perforation holes. By integrating the flow rate at each perforation boundary,
the productivity Q of the well can be determined. Additionally, by substituting the same
parameters into Equation (2), the productivity of an ideal open-hole well without pollution
and perforations can be calculated. Finally, Equation (1) is employed to calculate the
productivity ratio of the perforated well. The accuracy of the aforementioned finite element
numerical simulation methods was validated by comparing the productivity ratio data
with reference [7] under the given parameters.

Figure 3. Streamline distribution around the wellbore.
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2.2. Influence of the Perforation Parameters

The impact of the perforation parameters on the productivity ratio of oil wells was
analyzed by conducting numerical simulations, as described above.

2.2.1. Perforation Depth and Shot Density

As shown in Figure 4, the productivity of perforated wells increases with the perfo-
ration depth. When the perforation hole does not penetrate the contaminated zone, the
productivity ratio increases linearly with the perforation depth, showing a stable growth
rate. When the perforation hole just penetrates the contaminated zone, the productivity
ratio increases significantly. However, when the perforation hole extends beyond the
contaminated zone by approximately 50 mm, the growth rate of the productivity ratio
gradually decreases. Furthermore, the productivity ratio increases with shot density, but
the growth rate also decreases gradually. Particularly, when the shot density exceeds
24 holes/m, the influence of increasing shot density on enhancing the productivity ratio
becomes less significant.
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Figure 4. Influence of the perforation depth and shot density on the productivity ratio.

2.2.2. Perforation Phasing

The productivity ratio curves under four commonly used phase angles (0°, 90°, 120°,
180°) in engineering are shown in Figure 5. It can be observed that in isotropic formations,
the productivity ratio is highest at 90° and lowest at 0°. The phase angles are ranked in order
of decreasing productivity ratio as follows: 90°, 120°, 180°, 0°. This trend can be attributed
to the more uniform distribution of perforation holes in the circumferential direction of the
wellbore at lower phase angles, such as 90°, when the shot density remains constant.

Furthermore, there is an interaction between phase angles and formation anisotropy:.
Figure 6 shows the influence of phase angles and formation anisotropy on the productivity
ratio when the perforation hole penetrates the drilling contaminated zone. In cases where
the anisotropy is not severe (0.3 < K, /K}, < 1.0), the phase angle of 90° exhibits the highest
performance, while the phase angle of 0° demonstrates the lowest. The phase angles can be
ranked in decreasing order of productivity ratio as follows: 90°, 120°, 180°, 0°. Conversely,
when the anisotropy is severe (Ky /Ky < 0.2), the phase angles can be ranked in decreasing
order of productivity ratio as follows: 180°, 120°, 90°, 0°. This indicates that higher phase
angles result in higher productivity ratios. This phenomenon can be attributed to the
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reduction in longitudinal spacing between adjacent perforation holes in the same direction
at higher phase angles, thereby minimizing the impact of anisotropy to the greatest extent
possible, when the shot density remains constant.
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Figure 5. Influence of the phase angles on the productivity ratio in isotropic formations.
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Figure 6. Influence of the phase angles and formation anisotropy on the productivity ratio.

2.2.3. Perforation Damage

During the process of jet-assisted perforating, high-temperature and high-pressure
shock waves are generated around the perforation hole, forming a compacted zone with
a permeability significantly lower than that of the original formation. The compaction
damage process of the formation by shock waves is highly complex. To simplify the calcu-
lations and analysis, this study focused solely on simulating the impact of the perforation
compaction degree on the productivity ratio, rather than simulating the physical mechan-
ics of the perforation process. In perforated completions, the degree of the perforation
compaction damage is typically quantified by the permeability reduction factor, which is
defined as the ratio of the permeability in the compacted zone to the original permeability.
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The impact of compaction damage on the productivity ratio is illustrated in Figure 7. It can
be observed that the compaction damage has a noticeable effect on the productivity ratio.
When other parameters remain constant, the productivity ratio decreases as the compaction
damage increases (i.e., the permeability reduction factor decreases). The influence of the
compaction damage on the productivity ratio becomes even more significant after the
perforation hole penetrates the drilling mud-contaminated zone.
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Figure 7. Influence of the perforation compaction damage on the productivity ratio.

3. Principle of Least Squares Support Vector Machine (LSSVM)

The Support Vector Machine (SVM) algorithm is a statistical learning theory devel-
oped for situations with limited samples based on the principle of minimizing structural
risk. However, the traditional SVM approach requires solving a quadratic programming
problem, which is often slow and suffers from the curse of dimensionality, resulting in high
computational complexity.

In contrast, the LSSVM [40] differs from the standard SVM in that the loss function of
the optimization objective is represented by the Euclidean norm of the error. It converts the
inequality constraints in SVM into equality constraints, thereby transforming the training
process from solving a quadratic programming problem to solving a system of linear
equations. This transformation simplifies the computational complexity and improves the
convergence speed.

Consider a training dataset (x;, y;), i =1, 2, ..., m, where x; is the i-th input vector, y;
is the corresponding output data, and m represents the number of samples. By mapping
the input vectors to a high-dimensional feature space, it is possible to achieve linear
separability of the samples in the linear space. Let ¢(x) represent the mapped feature vector
of x. Consequently, the model corresponding to the hyperplane dividing the feature space
can be expressed as:

flx) =wlo(x) +b, (4)

where w' = (w1, wy, ..., wn) is the normal vector that determines the direction of the
hyperplane, and b is the displacement term, a scalar constant that determines the distance
between the hyperplane and the origin.

According to the principle of Structural Risk Minimization (SRM) [41], the optimiza-
tion problem is transformed into:

T

minF(w, b,e) = twTw + FCYM, ¢?

sty = wT(p(x) +b+e, i=1,2,...,m, ©®)
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where e = [e,e1,...,ey] is the deviation vector reflecting the regression error between
the actual and predicted values, and C is the regularization parameter used to control the
penalty for samples exceeding the calculation error, which is manually set.

By introducing the Lagrange function and solving according to the Karush-Kuhn-
Tucker (KKT) conditions, the regression function model of the L5S-SVM can be obtained:

]/(.X') = 2?1:1 aiK(xi/x) +b, (6)

where «; is the Lagrange multiplier, subject to the constraint 0 <a; < C; K (-,-) is the
kernel function, mainly used for inner product operations on sample data.

Therefore, when using LSSVM to establish a regression model, it is crucial to appropri-
ately select the regularization parameter C and the kernel function parameters.

4. Principle of Particle Swarm Optimization (PSO)

The Particle Swarm Optimization (PSO) algorithm is a parameter optimization al-
gorithm based on swarm intelligence. Compared to traditional parameter optimization
methods, the PSO algorithm is simple to implement and has high optimization efficiency.
It greatly reduces the optimization time and improves the convergence speed through
information sharing and transmission. It was first proposed by J. Kennedy and R. C. Eber-
hart [42] in 1995, inspired by the study of bird flocking behavior. In the PSO algorithm,
each solution in the objective space is represented by a bird (particle), and the optimal
solution of the problem is analogous to the food source that the bird flock seeks. During the
process of finding the optimal solution, each particle exhibits individual behavior as well
as collective behavior. Each particle learns from the flying experiences of its companions
and incorporates its own flying experiences to locate the optimal solution. Two values are
learned by each particle: the individual’s historical best value and the group’s historical
best value. The particle adjusts its velocity and position based on these two values, and
the quality of each position is determined by the fitness value. The flowchart of the PSO
algorithm is depicted in Figure 8.

[ Initialize the parameters ]

of the particle swarm

v

[ Initialize the positions and velocities ]

for each particle

¥
Compute the fitness value ]‘
for each particle J
]
Update the historical best fitness value .
and position for each individual particle Update the positions and
and the entire swarm velocities of each particle

Ensure compliance
with the termination condition

Figure 8. Flowchart of the PSO algorithm.
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The detailed parameter optimization steps are as follows:

e  Step 1: Initialize the parameters of the particle swarm, such as the swarm size, particle
dimension, number of iterations, inertia weight, etc.
e  Step 2: Initialize the position and velocity of each particle.

In a D-dimensional target search space, a particle swarm consists of N particles, where
each particle is a D-dimensional vector, and its spatial position represents a solution in the
target optimization problem, denoted as

x;i = (xi1,%i2,...,Xxip),i=1,2,...,N. @)
The flying velocity of the i-th particle is also a D-dimensional vector, denoted as
v; = (vi1,9p,.-.,0ip),i=1,2,...,N. (8)

The positions and velocities of particles are randomly generated within a given range.

e  Step 3: Calculate the fitness value based on the fitness function. The fitness function
represents the objective function of the optimization problem, which can be the mean
square error, variance, standard deviation, etc.

e  Step 4: Update the historical best fitness value and position for each individual and
the entire swarm.

For each particle, compare its fitness value with its historical best fitness value. If
the current fitness value is better, update it as the individual’s historical best value. Then,
compare its fitness value with the fitness value of the best position experienced by the entire
swarm. If the current fitness value is better, update it as the swarm's historical best value.

e  Step 5: Determine if the termination condition is met (reaching the maximum number
of iterations or the minimum difference in fitness value between two consecutive
iterations). If the termination condition is met, output the optimal position. Otherwise,
update the position and velocity of each particle and repeat steps 3—4.

The velocity update formula is as follows:

vij(t+1) = v;(t) + c1m (Pbestij(f) - xij<t)) + o1y (gbestj - xij(t))’ )

where v;;(t) is the velocity of particle i in the j-th dimension at time ¢. The subscript i
represents the i-th particle, the subscript j represents the j-th dimension of the particle,
which corresponds to the j-th parameter optimized by the algorithm, and ¢ represents the
current iteration count. c1 and c2 are acceleration constants, usually taken in the range of 0
to 2. r1 and r2 are two independent random numbers that vary between 0 and 1. ppes;;(t)
is the historical best solution of particle i in the j-th parameter at time £, and gp.s; is the
historical best solution of all particles in the j-th parameter.
The position update formula is as follows:

xz-]-(t—l—l) = xi]-(t) +Uz‘]‘(t+1), (10)
where x;(t) is the position of particle i in the j-th dimension at time t.

5. Prediction Model of Productivity Ratio for Perforated Wells
5.1. Data Preparation

This work utilizes numerical calculation data as sample data for the prediction model.
Firstly, five perforation parameters, namely, the perforation depth, shot density, perforation
diameter, thickness, and permeability reduction coefficient of the compacted zone, are
varied (as shown in Table 1) to generate the original dataset consisting of 4> = 1024 datasets.
Then, the original data are normalized using linear function normalization technique to
enhance the performance and accuracy of the model.
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Table 1. Input parameters of the numerical model.

Parameter Value
Perforation depth (mm) 100, 300, 500, 700
Perforation diameter (mm) 8,10,12, 14
Shot density (shots/m) 8,16,24,32
Thickness of the compacted zone (mm) 10,12,14, 16
Permeability reduction coefficient of the compacted zone 0.1,02,03,0.4

5.2. Model Establishment

In this study, LSSVM is employed to establish the prediction model of the productivity
ratio for perforated wells. Due to the nonlinearity of the data, the Gaussian kernel function
is selected as the kernel function of the LSSVM algorithm, which represents a nonlinear
mapping relationship as follows:

2
K(x;,x;) = exp(—“xiz_a:jH>, (11)

where o denotes the bandwidth of the Gaussian kernel. The Gaussian kernel function is
widely adopted as a universal kernel function, applicable to samples with any distribution
as long as the selected kernel parameter o is appropriate.

To establish the LSSVM model, reasonable choices for the penalty factor c and the
kernel width o are crucial. Traditional methods often rely on trial-and-error or grid search
algorithms. The trial-and-error method requires practical application experience and
algorithm analysis ability, while the grid search method is closely related to the optimization
step size. If the step size is too large, it may fail to obtain the global optimal solution, and if
the step size is too small, it will be time consuming. To establish the optimal model, this
study adopts the PSO algorithm to optimize and select the two parameters of the LSSVM
algorithm. The dimension of the particle swarm is set to 2, the number of particles in
each dimension of the particle swarm is set to 10, and the iteration times are set to 100.
The fitness function is set as the Relative Root Mean Square Error (RRMSE) of the model
prediction results.

5.3. Results Analysis

Based on the aforementioned model, the PSO is employed to optimize the parameters
of the LSSVM in the prediction of the productivity ratio for perforated wells. The PSO
error curve is depicted in Figure 9, where the horizontal axis represents the epoch, and the
vertical axis represents the test set RRMSE. The figure demonstrates that the PSO algorithm
achieves a relatively ideal solution in less than 10 steps, while the global optimal solution is
attained in approximately 90 steps, indicating rapid convergence. The total time consumed
is approximately 11 h, 44 min, and 56.3163 s. The optimized values for the parameters c
and o are determined as 500.428 and 0.554, respectively. By substituting these optimized
parameters into the LSSVM model for predicting the productivity ratio, the test set RRMSE
is found to be 0.0004567.

For comparison, the grid search algorithm is also employed to optimize the parameters
of the LSSVM. The penalty factor C is selected within the optimization range of 0.001 to
1000, with a step size of 1, while the kernel width o is selected within the optimization
range of 0.001 to 10, with a step size of 0.5. The entire optimization process requires a
total of 20,000 steps to complete, taking approximately 24 h, 26 min, and 54.0125 s. The
optimized values for c and o are determined as 500.001 and 0.501, respectively. By utilizing
these obtained parameters to reconstruct the productivity ratio prediction model, the test
set RRMSE is found to be 0.0005501.
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Figure 9. Process of optimization based on the PSO.

Table 2 presents the time, test set RRMSE, and final model parameters for predicting
the productivity ratio using the two optimization algorithms. It is evident that the PSO
algorithm outperforms the grid search algorithm in terms of computational efficiency
and accuracy.

Table 2. Comparison of results between the PSO and grid search.

Algorithm Time RRMSE c Parameters .
PSO 11:44:56.3163 0.0004567 500.428 0.554
Grid Search 24:26:54.0125 0.0005501 500.001 0.501

In order to determine the optimal predictive model for the productivity ratio of
perforated wells, this study also combines PSO with an Artificial Neural Network (ANN)
and Random Forest (RF) to establish corresponding machine learning models. In addition
to the RRMSE, the R2 (determination coefficient) and MAPE (mean absolute percentage
error) are also used as statistical evaluation indicators for the three machine learning
models, as shown in Table 3 and Figure 10. It is evident that among the three models, the
machine learning model based on PSO-LSSVM performs the best.

Table 3. Statistical evaluation metrics of the three machine learning models.

Method RRMSE Score R2 Score MAPE Score Total Score

PSO-LSSVM 0.00004567 3 0.9948 3 0.00156 3 9

PSO-ANN 0.01826 1 0.9735 1 0.00836 2 4

PSO-RF 0.002456 2 0.9896 2 0.01049 1 5

PSO-RF RRMSE
R2
PSO-ANN MAPE
PSO-LSSVM
0 2 4 6 8 10

Ranking score

Figure 10. Comparison of the ranking scores of the three machine learning models.
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The comparison of the predicted values and actual values for the productivity ratio
based on the PSO-LSSVMV, is presented in Figure 11. It is evident that the predicted values
closely match the actual values, indicating a high predictive capability of the PSO-LSSVM
model. Therefore, the combination of PSO and LSSVM to establish a predictive model for
the productivity ratio of perforated wells is proven to be effective and feasible.

1.4

o —_ —_
[ed] S [\
T T T

Predicted productivity ratio
=
=)
T

\\..

RRMSE=0.0004567

/’/

0.2 0.4 0.6 0.8 1.0 1.2 1.4

0.2

True productivity ratio
Figure 11. Comparison of the predicted values and actual values based on PSO-LSSVM.

6. Conclusions

This study proposes a predictive method for the productivity ratio of perforated wells
based on three-dimensional finite element numerical simulation and machine learning
technology. By utilizing the numerical simulation results as the sample data for machine
learning, a predictive model for the productivity ratio of perforated well is established
based on the LSSVM. The optimal parameters of the LSSVM predictive model are obtained
using PSO. Compared to the traditional grid search algorithm, the PSO algorithm signif-
icantly improves the modeling efficiency, reducing the time required by more than half.
Furthermore, compared to the PSO-ANN and PSO-RF models based on ANN and RF,
the predictive accuracy and generalization performance of the productivity ratio model
established based on PSO-LSSVM are higher, meeting the requirements of engineering
practice. Therefore, the combination of PSO and LSSVM for predicting the productivity
ratio of perforated well is proven to be effective and feasible. This research holds im-
portant reference value and guiding significance for perforation optimization design and
also provides new insights for predicting the productivity of complex completions and
geothermal wells.
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