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Abstract

The southern margin block of the Xinjiang Oilfield is a typical ultra-high-pressure condensate gas reservoir. Large production pressure differentials can induce

reservoir damage and sand production, leading to severe erosion of surface equipment, especially choke nozzles. However, erosion characteristics under ultra-

high-pressure conditions remain unclear, and reliable prediction methods are lacking. In this study, a numerical simulation model of choke nozzle erosion was

established based on Well HT101 to investigate the erosion behavior of adjustable nozzles under different operating conditions. A Gaussian Process Regression

(GPR) model was further developed to predict erosion, and different kernel functions were evaluated. Results show that the influence degree on nozzle erosion

follows: choke opening > sand production rate > particle density > pressure differential > particle size. The GPR model demonstrates good generalization ability,
and the rational quadratic kernel achieves the best performance (RMSE = 1.21 x 1075, R? = 0.910). This work provides support for erosion prediction and

optimization of surface throttling systems in ultra-high-pressure gas wells.
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1 Introduction

The southern margin block of the Xinjiang Oilfield is located in the
southern Junggar Basin. This region has undergone intense tectonic
compression, resulting in complex geological structures and wide-
spread overpressure within the stratall-2l. Under conditions of large
production pressure differentials, the stress state of the reservoir rock
in the completed interval becomes highly complex. The interaction
of multiple factors readily induces reservoir damage and sand
productionl®]; thereby affecting the production stability of gas wells.
As sand-laden gas flows enter the surface gathering and transportation
system, solid particles continuously impinge upon surface facilities. In
particular, the choke nozzle is highly susceptible to severe erosion
under the combined effects of high-velocity gas flow and particle
impingement. Taking Well HT101 in the Xinjiang Oilfield as an
example, analysis of solid particles collected from the desander indi-
cates that their lithological characteristics are essentially consistent
with those of the reservoir sand. After the sand-laden gas enters the
surface manifold and throttling device, the erosion of the choke nozzle
is further aggravated. Therefore, investigating the erosion characteris-
tics and developing predictive models for surface choke nozzles in
ultra-high-pressure gas condensate wells is of significant practical
importance. Systematically elucidating the sources and evolution
mechanisms of nozzle erosion and establishing corresponding predic-
tive models can provide a theoretical basis for equipment optimization
and operational management. This, in turn, will help extend equip-
ment service life, reduce failure rates, and enhance the safety and
economic performance of oil and gas field production!*]l. The related
research outcomes can also offer scientific support for equipment
management, maintenance strategies, and production safety assurance
in ultra-high-pressure gas wells, thereby promoting the efficient and
safe development of oil and gas resources.

© The Author(s)

Numerous scholars have conducted substantial and productive
research on the analysis and prediction of erosion in surface throttling
systems of gas wells. With respect to erosion wear mechanisms, Zhang
et al.[’l developed a three-dimensional CFD model to evaluate erosion
in natural gas choke valves with different structures. Guo et al.[] used
CFD to analyze erosion in high-temperature, high-pressure choke
valves. Li et al.l”] reviewed erosion models and identified key factors
and mechanisms governing valve erosion. Zhao et al.[8] applied a
CFD-DPM model to investigate needle valve erosion under shale gas
operating conditions. Wu et al.l’l established a CFD-DEM-based
gas—solid erosion model for needle-type valves. Liu et al.[l0] exam-
ined cage valve erosion under gas—liquid-solid three-phase flow,
focusing on internal flow passages. Jing et al.['!] investigated erosion-
induced failure of side valve plates through liquid—solid experiments
and simulations. Sun et al.['?] applied CFD-DEM to study erosion in
small-diameter butterfly valves under gas—solid flow. Kou et al.[!3]
numerically examined erosion in sleeve-type discharge valves during
operation. Zhao et al.l'4] combined CFD with the FINNIE model to
analyze valve-core erosion and proposed an optimized orifice struc-
ture to mitigate wear. Existing studies on erosion wear have mainly
focused on low-pressure conditions and simplified structures, often
neglecting the coupled effects of pressure, particle properties, geome-
try, and material. In contrast, erosion behavior under ultra-high-pres-
sure conditions remains insufficiently explored. This is particularly
true for electrically adjustable nozzles with complex flow passages and
dynamic regulation, where erosion exhibits stronger nonlinearity and
localized concentration. Overall, systematic investigations targeting
ultra-high-pressure and structurally complex nozzles are still lacking.

Meanwhile, numerous studies have been conducted on predictive
models for erosion in throttling nozzles. Wang et al.['] developed
a machine learning-based model to predict erosion in natural gas
pipeline elbows. Liu et al.ll®] combined CFD with machine learning
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methods, including LSTM and BP neural networks, to predict erosion
rates under different operating conditions. Another study by Wang
et al.l”l integrated machine learning with multi-objective optimization
to establish a data-driven erosion rate model. Li et al.['8] coupled CFD
and the Euler-Lagrange approach with machine learning to predict
erosion in tandem elbows under gas—solid flow. Wang et al.['9! applied
a genetic algorithm—optimized extreme learning machine (GA-ELM)
to forecast elbow erosion. Chen et al.[>] used a kernel extreme learn-
ing machine (KELM) to model the relationship between key features
and erosion rate. Peng et al.[?!l combined the sparrow search algo-
rithm with support vector machines to develop an erosion prediction
model. Brown et al.[?2] reviewed common erosion prediction methods
and highlighted limitations of machine learning approaches, particu-
larly regarding data sparsity and feature correlation. However, most
existing erosion prediction models rely on large-scale datasets and are
typically developed using deep machine learning techniques. For
surface throttling conditions in ultra-high-pressure gas condensate
wells, systematic experimental investigations are constrained by safety
concerns, technical limitations, and high costs. Consequently, current
research primarily depends on numerical simulations, resulting in
limited sample sizes, restricted data distributions, and considerable
uncertainty. Under such conditions, conventional machine learning
methods often struggle to establish stable and reliable predictive
models. Therefore, it is necessary to introduce learning strategies
tailored for small-sample scenarios to enable robust prediction of
erosion wear in ultra-high-pressure gas condensate well surface throt-
tling systems.

Accordingly, this study focuses on two core aspects: First, the
erosion—wear characteristics of surface throttling at the wellhead of
ultra-high-pressure gas condensate wells; second, the development of
an erosion rate prediction model under small-sample conditions. Based
on CFD simulations, the coupled dynamics between high-velocity gas
flow and particle motion in ultra-high-pressure gas—solid two-phase
flow are systematically investigated. Particular attention is given to
revealing the spatial distribution and evolution of erosion in complex
electrically adjustable nozzles under multi-factor coupling, thereby
highlighting the unique mechanisms and increased complexity of
erosion under ultra-high-pressure operating conditions. On this basis,
Gaussian Process Regression (GPR) is introduced to develop a small-
sample surrogate model for erosion prediction in complex engineering
systems. Benefiting from its nonparametric Bayesian framework, the
method exhibits strong knowledge generalization capability under
limited data conditions. At the same time, it enables rapid representa-
tion and prediction of complex erosion processes through an efficient
surrogate modeling strategy. In addition, the inherent uncertainty
quantification capability of the GPR model provides confidence infor-
mation for the predictions, thereby offering valuable support for risk
assessment and decision-making in engineering applications. In sum-
mary, from an integrated perspective combining mechanism analysis
and data-driven modeling, this study innovatively elucidates the
erosion—wear characteristics of ultra-high-pressure throttling processes
and proposes a reliable prediction approach suitable for small-sample
scenarios, providing both theoretical insights and engineering guid-
ance for equipment life assessment and structural optimization.

2 Methodology

2.1 Numerical simulation model for nozzle erosion
CFD-based erosion modeling generally involves two main steps: (1)
The flow field of the continuous phase is modeled by considering the
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gas as a continuum, with its motion governed by the Navier—Stokes
equations; and (2) particle tracking and erosion calculation, where
particles are considered as the discrete phase and their motion is
governed by Newton's second law.

2.1.1 Governing equations of fluid flow
The general forms of the continuity equation and the momentum
conservation equation are given in Egs. (1) and (2), respectively(23-241:

dp

9Pg

TV (o) = M
0
(';ju)+V~(pguu):—Vp+V-T+pgg+SM 2)

In Egs. (1) and (2), p, denotes the density of the continuous phase,
kg/m3; u represents the velocity vector of the continuous phase, m/s;
p is the pressure, Pa; g is the gravitational acceleration, m/s2; and Sy,
denotes the interaction force between the discrete and continuous
phases. 7 is the stress tensor, which is expressed as Eq. (3):

= (Vu+VuT)—§V-uI] 3)

where, u denotes the dynamic viscosity of the fluid, Pa's, and / represents
the identity tensor.
The energy conservation equation is given as Eq. (4)[2!:

0, E

(p”' %0k | g (0gUuE) = V- (kVT)+q )
where, E denotes the total energy per unit mass, J/kg; k is the thermal
conductivity; 7 represents the fluid temperature, K; and ¢ is the heat
source term associated with the erosion process.

2.1.2 Turbulence model

The internal structure of the adjustable nozzle is geometrically
complex, leading to velocity gradients, flow separation, and vortex
formation within the flow field. To capture turbulence characteristics,
the RNG /—¢ model is utilized owing to its enhanced accuracy and
broader applicability. The governing equations are given in Egs. (5)
and (6)[20]:

d ok
E(ﬂ")*’ (PM k) = ((lk#effa )+Gk+Gb pe=Yy+Sy (5)
d Oe &
E(PE) +— (P” &)= a/eﬂeffa +Cle (Gk +C3:Gp) - Czsp X —Re+S¢
(6)

In Egs. (5) and (6), .5 denotes the effective viscosity, Pa's; G, and
G represent the production terms of turbulent kinetic energy, Pa/s; oy
and a, are the inverse effective Prandtl numbers for & and e, respec-
tively (dimensionless), typically taken as 1.39; ¢ is the turbulent dissi-
pation rate, m?/s3; k is the turbulent kinetic energy, m?/s?; C;e and C,e
are empirical constants (dimensionless); x; denotes the second compo-
nent of the position vector (dlmensmnless) 4 is the turbulent viscos-
ity, Pa-s; and R, is an additional source term, Pa/s2.

2.1.3 Governing equation for discrete phase motion

In the numerical simulation, eroding particles are treated as the
discrete phase and solved using the Discrete Phase Model (DPM). The
governing equations of particle motion are given in Egs. (7)—-(9)"L:

(op—p)
Tp :fD(u_u[))+g L +Fy (7)
t op
Where,
18uCpRe
= D 8
o= Do ®)
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_ pdplu, —ul
u

In Egs. (7)~(9) fp denotes the drag function; Cj, represents the drag
coefficient; u, is the particle-phase velocity, m/s; dp is the particle
diameter, m; p, is the particle density, kg/m3; u is the fluid-phase
velocity, m/s; u is the dynamic viscosity of the fluid phase, Pa‘s; p is
the fluid density, kg/m3; Re denotes the Reynolds number (dimension-
less); and F represents other forces acting on the particles, N.

Re )

2.1.4 Particle-wall collision model

To accurately predict particle trajectories, it is essential to employ
an appropriate particle-wall collision model. The variation in particle
velocity upon impact with the wall is typically characterized by the
restitution coefficient. In the present study, the particle—wall collision
model proposed by Cui et al. and Cui et al.%2% was adopted to
improve the accuracy of particle dynamics simulation. The governing
equations of the particle-wall collision model are given in Egs. (10)
and (11)[28:29],

e, =0.998-2.9% 1020 +6.43 x 10e™*a® —3.56 x 100’ (10)

e, =0.993-3.07x 10e 2 +4.75 x 10e*a? - 2.61 x 10 %0 11

In Egs. (10) and (11), e, and e, denote the normal and tangential
restitution coefficients, respectively, while a represents the particle
impingement angle on the wall surface.

2.1.5 Erosion model

The erosion rate of the adjustable nozzle is characterized as the
material mass loss per unit time resulting from particle impingement,
and is evaluated using the model described in Eq. (12)B31,

(12)

In this equation, Ry denotes the erosion rate, kg/(m?'s); Ag,,, repre-
sents the wall surface area, m2; m; is the particle mass flow rate, kg/s; v
is the particle impact velocity, m/s; b(v) denotes the velocity exponent
function; C(d;) represents the particle size function, which is taken as
1.8 x 1079 in the present study; and f{e) is the particle impingement
angle function, defined using a piecewise linear formulation.

Rp = ZN miC(d) f(an’™

i=1 Aface

2.2 Nozzle erosion rate prediction model

Gaussian Process Regression (GPR) is a non-parametric approach to
regression grounded in Bayesian principles and statistical learning
theory, designed to model the joint probability distribution of a finite
collection of random variables. In addition, GPR provides both predic-
tive mean values and corresponding uncertainty estimates, enabling
probabilistic quantification of nozzle erosion risk. This capability
enhances the reliability of model predictions and strengthens its sup-
port for engineering decision-making. Therefore, GPR demonstrates
considerable potential for applications in nozzle service life prediction
and operational optimization.

2.2.1 Gaussian process regression

Gaussian Process Regression (GPR) is a non-parametric regression
method developed based on Bayesian theory and statistical learning
theory, aiming to establish the joint probability distribution over a
finite set of random variables. In addition to providing point predic-
tions, GPR is capable of quantifying predictive uncertainty in the form
of confidence intervals, which can be expressed as follows(?!-321:

FX) ~ GP(X),k(X, X)) (13)

uX) = E(f(X)) (14
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kXX') = cov(f(X), f(X)) (15)
In Egs. (13)—(15), u(X) denotes the mean function of the Gaussian
process, which is commonly assumed to be zero, and k(X,X") repre-
sents the kernel (covariance) function.
Assume that the training dataset is given by {(X,),)|i=1,2,3,...,n}.
The relationship between the input features and the output can be
expressed as follows:

yi=fX)+e (16)

In this equation, y; denotes the observed value with noise; f{X;)
represents the latent function value corresponding to the input vector
X;; and ¢ is the Gaussian noise term, assumed to follow a normal distri-
bution e~N(0, 62).

When constructing a model using GPR, the mean function is typi-
cally assumed to be u(X) = 0, and an appropriate kernel function
parameterized by O is selected. The hyperparameters 6 generally
include a set of control parameters, which are determined by minimiz-
ing the negative log-likelihood (NLL). The NLL can be expressed as
follows[331:

~Inp(Y|X,0) = %YT kX, X)]7'Y + %ln(det(k(X, X)) + gln27r (17

In this equation, X = [X,X5,X5,...,X,] denotes the matrix of input
variables, and Y = [Y},Y,,Y3,...,Y,]T represents the corresponding
output vector.

After selecting an appropriate kernel function and given the train-
ing data, the joint distribution of the training outputs and the test
outputs follows a Gaussian distribution. According to Bayesian infer-
ence, the predictive distribution of the output y* corresponding to a
new input X*, i.e., P(y*|X*, ), can be derived as follows[?1:

Y IX XX~ N, 2" (18)
= kX X0 XY (19)
I = k(X XY - k(X X) IR, X)) k(X X7) (20)

In Egs. (18), (19), u* and 2* denote the predictive mean and vari-
ance, respectively, which are used to perform point prediction and
construct confidence intervals for the test output y*.

2.2.2 Kernel function selection

In Gaussian Process Regression (GPR), the covariance function
(kernel) plays a central role, as it defines the prior and posterior distri-
butions by measuring the similarity between data points. Different
kernels lead to different model structures and probabilistic behaviors.
In this study, three commonly used kernels—the Radial Basis Func-
tion (RBF), Matérn, and Rational Quadratic—were employed to
construct GPR models, and their performance in erosion rate predic-
tion was comparatively evaluated.

(1) RBF Kernel. The Radial Basis Function (RBF) kernel, also
known as the squared exponential kernel, is parameterized by a length-
scale parameter / (/ > 0). The length scale / can be either a scalar or a
vector with the same dimensionality as the input variable x. A larger
value of / corresponds to a smoother function and smaller variance
between training points. The mathematical form of the RBF kernel is
given as follows[3l:

KX = exp 4000 21
( > ) - exp 212 ( )
In this equation, d(x;,x;) denotes the Euclidean distance between x;

and x;.
j
(2) Matérn Kernel. The Matérn kernel is an extension of the RBF
kernel. It is parameterized by a length-scale parameter / (/ > 0) and
introduces an additional smoothness parameter v, which controls the
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differentiability and smoothness of the function. The Matérn kernel is
defined as follows[3l:

XX = T2\ 1 i

In this equation, K, denotes the modified Bessel function of the
second kind, and /{(v) represents the Gamma function evaluated at v.
The smoothness parameter v is commonly set to 0.5, 1.5, or 2.5.
Smaller values of v correspond to less smooth function realizations.

(3) Rational Quadratic Kernel. The Rational Quadratic kernel serves
as an alternative to the RBF kernel and can be interpreted as a
weighted sum of RBF kernels with different characteristic length
scales. It is parameterized by a length-scale parameter / (/ > 0) and a
scale-mixture parameter o (o > 0), where a controls the relative
weighting of different length scales. Although the Rational Quadratic
kernel has a wide range of applicability, it is relatively sensitive to
hyperparameter settings. The mathematical expression of this kernel is
given as followsB7:

! (ﬁd(xi,xj)]vm[@d(x,-,xj)] @)

(23)

. . 2 -
KX.X') = [1 Aoy ]

2al?
In this equation, a represents the relative weighting of different
characteristic length scales.

2.2.3 Prediction model solution procedure

The overall framework of the Gaussian Process Regression (GPR)-
based erosion prediction model for surface throttling in ultra-high-
pressure condensate gas wells is illustrated in Fig. 1 The specific
procedure is described as follows:

(1) Based on the hourly production data of Well HT101, key param-
eters such as pressure differential, particle density, and particle diame-
ter were extracted as input variables, while the erosion rate was taken
as the output;

(2) These parameters were then implemented in ANSYS Fluent to
simulate and obtain the corresponding erosion rates;

Prediction Model of Nozzle Erosion Based on GPR (Gaussian
Process Regression)

v

Collect and partition the dataset

v

/ 70% training dataset /
2

Build the GPR prediction
model
¥
Perform kernel function
selection for optimization

A

/ 30% training dataset /

L Build the optimal prediction
model

v

Evaluate the performance
metrics of the prediction model

v
End

Fig. 1 Solution procedure of the prediction model.
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(3) The dataset was split into training and testing subsets, where the
former was used for model development and the latter for perfor-
mance evaluation;

(4) Kernel functions were selected according to the problem charac-
teristics, and RBF, Matérn, and Rational Quadratic kernels were com-
pared to identify the most suitable one for the Gaussian Process
Regression model;

(5) The proposed model was further validated using the test data,
and its predictive performance was assessed using metrics such as
RMSE and the coefficient of determination (R2).

2.2.4 Model performance evaluation metrics

To reasonably evaluate the performance of the nozzle throttling
erosion rate prediction model, RMSE and the coefficient of determina-
tion (R2) were adopted as evaluation metrics to measure the model's
generalization capability. RMSE is widely used to quantify prediction
errors in regression analysis, reflecting the difference between pre-
dicted and actual values, and ranges from [0, +o0), with smaller values
indicating better regression performance.

The coefficient of determination (R2) characterizes the proportion of
variance in the target variable explained by the regression model,
thereby reflecting the goodness of fit. R? takes values in the range (—oo,
1], with larger values indicating better fitting performance. The corre-
sponding expressions are given as follows[*3:

1 n
RMSE = [~ > (= pi)’ 24

B (= pi)*
S G=1)
In Egs. (24) and (25), n denotes the total number of samples; 4 and

pi represent the i observed value and predicted value, respectively; and

f; denotes the mean of the observed values.

R*=1 (25)

3 Results and discussion

3.1 Development of the numerical simulation
model for nozzle erosion
3.1.1 Geometric model and grid independence analysis

Based on the measurement data of the critical components of the
CV10 adjustable nozzle in Well HT101, a three-dimensional geomet-
ric model was developed using SolidWorks. The model incorporates
key components, including the valve core, valve seat, and valve sleeve.
It accurately represents the dimensions, geometries, and relative posi-
tions of these components, thereby providing a reliable geometric
foundation for subsequent CFD simulations. The geometric model is
shown in Fig. 2.

To improve the accuracy of the simulation results, the model assem-
bly was configured to match the actual assembly conditions. The

Fig. 2 Geometric model of the CV10 adjustable nozzle in Well HT101.
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Fig. 3 Valve core of the CV10 adjustable nozzle under different opening conditions.

CV10 adjustable nozzle was analyzed under different valve openings,
as illustrated in Fig. 3. By adjusting the valve opening, the assembly
configurations between the valve core and the valve seat were estab-
lished for various opening conditions.

The established CV10 adjustable nozzle model was discretized
using a structured hexahedral mesh. Boundary layer refinement was
applied to the inner wall of the nozzle to enhance near-wall resolution.
During the meshing process, local mesh refinement was performed in
critical regions of the model to accurately capture flow field variations
and key features, as shown in Fig. 4. A well-designed mesh distribu-
tion contributes significantly to the accuracy and reliability of subse-
quent numerical simulations.

To ensure computational accuracy while improving computational
efficiency, a grid independence study was conducted. Five nozzle
models with different mesh densities were generated, and erosion
simulations were performed using the parameters listed in Table 1.

As shown in Table 1, the pressure differential between the inlet and
outlet was set to 72 MPa. Based on sand production statistics at the
wellhead, the particle mass flow rate was specified as 0.002 kg/s, with
a particle density of 2,500 kg/m? and a particle diameter of 25 um.
Under these operating conditions, a grid independence study was con-
ducted to ensure the stability and reliability of the simulation results.

As shown in Fig. 5, when the number of grid cells reached 240,000
or more, the influence of mesh density on the computational results
became negligible, and the results remained stable. Convergence was
achieved after 1,000 iterations. Considering both computational effi-
ciency and accuracy, a mesh consisting of 336,000 grid cells was ulti-
mately selected, and 1,000 iterations were performed in the subse-
quent simulations.

As presented in Fig. 6, the reliability and engineering applicability
of the model are demonstrated; the numerical simulation results after
grid independence verification were compared with field observations.
The erosion locations were found to be consistent, mainly concentrated
at the second row of valve holes on the backflow surface of the valve
core, indicating that the numerical model exhibits good reliability.

3.1.2 Boundary conditions

According to the findings of Wang et al.[38], the RNG k-¢ model is
better suited for simulating gas—solid two-phase flow in pipelines
under the present conditions. In such flows, when the particle mass
flow rate is significantly lower than that of the continuous phase,
the effect of particles on the continuous phase can be considered negli-
gible. Moreover, when the particle volume fraction is below 10%,
the Discrete Phase Model (DPM) can be employed for numerical
simulation.

Based on the above considerations, the RNG k-¢ turbulence model
combined with a CFD-DPM one-way coupling approach was adopted
in this study. The RNG 4-¢ model effectively captures turbulence non-
uniformity and anisotropy and is suitable for gas—solid interactions in
complex flow fields. The CFD-DPM framework describes particles
using a discrete phase model, enabling the simulation of particle tra-
jectories and particle—wall interactions while coupling them with the
continuous-phase flow.

Yang et al. The Knowledge Engineering Review 2026, 41: e004
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Fig. 4 Mesh generation of the CV10 adjustable nozzle model.

Table 1. Parameters used for the grid independence study.

Numerical simulation parameter Value
Inlet pressure of nozzle, p,/(MPa) 82
Outlet pressure of nozzle, p,/(MPa) 10
Particle mass flow rate, m,/(kg/s) 0.002
Particle density, p,/(kg/m?) 2,500
Particle diameter, d,/(pm) 25

To ensure computational accuracy and reliability, pressure inlet and
pressure outlet boundary conditions were specified to accurately repre-
sent the inflow and outflow processes. To better account for gas com-
pressibility, a density-based solver was employed to handle compress-
ibility effects. In addition, the inner wall of the nozzle was defined
as a no-slip boundary to properly model particle—wall interactions,
thereby improving the overall accuracy and stability of the numerical
simulations.

3.2 Erosive wear characteristics of the nozzle
3.2.1 Erosive wear of the adjustable nozzle at different openings

Based on the hourly production reports of Well HT101 and in
conjunction with actual field operating conditions, the variation in
erosion rate was investigated as the opening of the adjustable nozzle
increased from 23.5% to 53%. The relationship between erosion rate
and production pressure differential was obtained, as shown in Fig. 7.

As shown in Fig. 7, with increasing opening of the adjustable
nozzle, the velocity distribution of the fluid gradually becomes more
uniform, and the reduction in local high-velocity regions directly
decreases the impact force exerted on the wall surface. As the opening
increases, the flow field within the nozzle becomes more evenly
distributed, resulting in reduced shear stress and fewer localized high-
velocity zones. Consequently, the impact intensity on the wall is weak-
ened, leading to a significant mitigation of erosion.

As shown in Fig. 8, with increasing nozzle opening, the erosion rate
decreases from 8.16 x 107* kg/(m?2-s) to 4.06 x 1075 kg/(m?-s), indicat-
ing a significant reduction in erosion intensity. Meanwhile, the
monthly erosion thickness decreases from 0.94 to 0.05 mm, demon-
strating a substantial mitigation of erosive wear. These results suggest
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Fig. 5 Grid independence study.

that appropriately increasing the opening of the adjustable nozzle can
effectively reduce erosion caused by non-uniform flow velocity,
thereby extending the service life of the equipment and improving the
stability and reliability of the system.

3.2.2 Erosive wear of the adjustable nozzle at different
production pressure differentials

Based on the hourly production reports of Well HT101 and actual
field operating conditions, the variation in erosion rate was investi-
gated as the production pressure differential—defined as the differ-
ence between the upstream nozzle pressure and the downstream
throttling pressure—increased from 20 to 50 MPa. The relationship

-
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o
0

Fig. 6 Comparison of numerical
observations.

\l
-
e

with field

simulation results

between erosion rate and production pressure differential was
obtained, as shown in Fig. 9.

As shown in Fig. 9, the scouring capability of the fluid increases
significantly with increasing production pressure differential. This is
attributed to the change in flow velocity and dynamic characteristics
induced by a higher pressure differential, which enhances the impact
force exerted on the solid surface and thereby intensifies the erosion
process. As the pressure differential increases, the shear stress and
kinetic energy of the fluid rise accordingly, leading to a higher erosion
rate.

As shown in Fig. 10, with increasing production pressure differen-
tial, the erosion rate increases from 3.76 x 1075 kg/(m?2s) to 6.46 x
107* kg/(m?2-s), while the monthly erosion thickness rises from 0.04 to
0.74 mm. These results indicate that a higher pressure differential
intensifies the long-term erosive wear on the solid surface, leading
to a substantial increase in material loss. Therefore, the production
pressure differential is a critical factor influencing fluid scouring inten-
sity and material erosion resistance. Over prolonged operation, a
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Fig. 7 Erosion rate contours of the adjustable nozzle under different opening conditions.
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significant increase in erosion thickness may result in premature
equipment failure or performance degradation. Accordingly, effective
protective and optimization measures should be implemented to miti-
gate erosion under high-pressure-differential conditions.

3.2.3 Erosive wear of the adjustable nozzle at different particle
diameters

Based on the sand production data of Well HT101, the variation in
erosion rate was investigated as the particle diameter increased from
25 to 50 um. The relationship between erosion rate and particle diame-
ter was subsequently obtained.

As shown in Fig. 11, with increasing particle diameter, the particle
mass and inertia increase significantly, leading to a reduced ability to
respond to variations in the fluid velocity field. Consequently, larger
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Fig. 9 Erosion rate contours under different production pressure differentials.
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particles tend to maintain their original trajectories. In contrast, smaller
particles, characterized by lower inertia and stronger flow-following
capability, are more responsive to vortex structures and velocity gradi-
ents in the fluid. Under the effects of turbulent diffusion, vortex
entrainment, and near-wall shear, they are more readily transported
toward the wall region, resulting in a higher collision frequency per
unit time. Therefore, as the particle size increases, the erosion rate
decreases accordingly.

As shown in Fig. 12, the erosion rate decreases significantly with
increasing particle diameter, from 4.95 x 1074 to 3.62 x 1075 kg/(m?-s).
Correspondingly, the monthly erosion thickness is reduced from 0.57
to 0.04 mm. These results indicate that variations in particle diameter
alter the flow dynamics during the scouring process. Larger particles
require greater impact energy to cause surface damage; however, due
to the reduced collision frequency, the overall wall degradation is
gradually mitigated. Therefore, in practical applications, controlling
particle size can be an effective strategy to enhance equipment durabil-
ity and reduce erosive wear losses.

3.2.4 Erosive wear of the adjustable nozzle at different particle
densities

Based on the sand production conditions of Well HT101, the varia-
tion in erosion rate was investigated as the particle density increased
from 2 to 2.8 g/cm3. The relationship between erosion rate and parti-
cle density was subsequently obtained.

As shown in Fig. 13, with increasing particle density, the mass and
kinetic energy carried by solid particles per unit volume increase
significantly. Under identical flow conditions, the impact intensity and
destructive potential exerted on the wall surface are consequently
enhanced. High-density particles transfer greater impact loads upon
collision with the structural surface, making the material more suscep-
tible to microcrack initiation and spalling, thereby aggravating the
erosion process.
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As shown in Fig. 14, the erosion rate increases markedly with
increasing particle density, rising from 3.87 x 107 to 3.35 x
105 kg/(m?'s). Correspondingly, the monthly erosion thickness
increases from 0.004 to 0.038 mm. These results indicate that, under
long-term operating conditions, high-density particles exert a more
pronounced cumulative damage effect on the inner wall of the equip-
ment, leading to an accelerated material loss rate. Particle density is a
key factor affecting erosion behavior. In ultra-high-pressure wellhead
throttling operations, its influence on erosion risk should be consid-
ered to mitigate erosion damage.
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3.2.5 Erosive wear of the adjustable nozzle at different sand
production rates

Based on the sand production data of Well HT101, the variation in
erosion rate was investigated as the sand production rate increased
from 5 to 20 ml/d. The relationship between erosion rate and sand
production rate was subsequently obtained.

As shown in Fig. 15, with increasing sand production rate, the
number of solid particles in the particle-laden flow increases signifi-
cantly, leading to a higher collision frequency and greater total kinetic
energy imparted to the wall surface. The particle-laden flow not only
carries the kinetic energy of the fluid itself but also transfers the
kinetic energy of the particles to the wall, thereby intensifying the
impact effect on the surface.

As shown in Fig. 16, the presence of particles leads to a more
concentrated kinetic energy distribution in the flow and a substantial
increase in impact frequency, resulting in a significant rise in the
erosion rate. Specifically, the erosion rate increases from 6.3 x 1073
to 7.3 x 10™* kg/(m2-s), indicating markedly intensified erosion
damage to the wall surface due to particle-laden flow. In addition, the
monthly erosion thickness increases from 0.07 to 0.84 mm, demon-
strating a pronounced increase in erosion depth with higher sand
production rates. This phenomenon indicates that particle impinge-
ment exhibits a cumulative effect, with erosion severity increasing as
the sand production rate rises. Therefore, the proper application of
desanders in surface throttling processes can effectively mitigate
erosion damage, extend equipment service life, and ensure stable
system operation.

3.2.6 Sensitivity analysis under orthogonal experimental design
In the single-factor experiments, each variable was independently
controlled and analyzed to investigate its individual effect on the
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Fig. 11 Erosion rate contours of the adjustable nozzle under different particle diameters.
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results. Although this approach can reveal the influence of a single
factor, it does not account for potential interaction effects among
multiple factors. To achieve an efficient and systematic analysis of
multi-factor influences, this study adopts an orthogonal experimental
design based on the principles of Design of Experiments (DoE) and
the Taguchi method. Orthogonal arrays enable balanced combinations
of factor levels with statistical independence, allowing the main effects
of multiple variables to be estimated with a reduced number of experi-
ments, thereby significantly lowering experimental or computational
costs.

In this study, the evaluation index is the monthly erosion thickness
converted from the maximum erosion rate. Based on the preceding
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single-factor analysis of nozzle erosion, five primary influencing
factors were identified: production pressure differential, sand produc-
tion rate, particle diameter, particle density, and nozzle opening.
Considering that five independent variables are involved, each with
five levels, a full factorial design would require 3,125 experiments,
which is computationally expensive and impractical. Therefore, an
L25 (5°%) orthogonal array was selected, requiring only 25 experimen-
tal runs while ensuring uniform distribution and comparability of
factor levels, thus guaranteeing the representativeness and reliability of
the results.

It should be noted that orthogonal experimental design primarily
focuses on the analysis of main effects and has limited capability in
capturing higher-order interactions. Nevertheless, due to its high effi-
ciency, robustness, and suitability for multi-factor screening and sensi-
tivity analysis, this method has been widely applied in engineering
studies.

As shown in Table 2, five factors—production pressure differential,
particle diameter, particle density, nozzle opening, and sand produc-
tion rate—were selected as the variables of interest. An orthogonal
experiment was designed based on the L,s55 orthogonal array. The
experimental scheme and corresponding results are presented in
Table 3.

As shown in Table 3, the minimum erosion rate occurs when the
production pressure differential is 20 MPa, the particle diameter is
35 pm, the nozzle opening is 35%, the sand production rate is 15 ml/d,
and the particle density is 2.4 g/cm3, with a monthly erosion thickness
of only 0.005 mm. Conversely, the maximum erosion rate is observed
when the production pressure differential is 35 MPa, the particle diam-
eter is 35 um, the nozzle opening is 23%, the sand production rate is
20 ml/d, and the particle density is 2.8 g/cm3, resulting in a monthly
erosion thickness of 3.75 mm.

contour-1
DPM Erosion Rate (Gene

1.29e-05
1.16e-05
1.03e-05
9.04e-06
7.75e-06
6.45e-06
5.16e-06
387e-06
258e-06
1.2%9e-06

00e+00

[kgi{m* SJ]

corou -1
DPM Erosmon Rate (Gene

3.35e-05
3.02e-05

r 268e-05
' 0.00e+00

[kg/(m? 5]

2.35e-05
2.01e-05
1 68e-0%
1 34e-05
1.01e-05
6.70e-06

3.35e-06
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To more intuitively clarify the influence of each factor on the maxi-
mum erosion rate of the nozzle, a range analysis was conducted to
determine the relative significance of each factor. The results of the
range analysis are presented in Table 4.

As shown in Table 4, k;, ky, k3, k4, and ks represent the average
results of the three experimental runs for production pressure differen-
tial, particle diameter, nozzle opening, particle density, and sand pro-
duction rate, respectively, while R denotes the range.

As shown in Fig. 17, to more clearly analyze the results of the
orthogonal experiment, a plot of factor levels versus response trends
and a bar chart of factor ranges were drawn. The range analysis results
indicate that the influence of the factors on nozzle erosion follows the
order: nozzle opening > sand production rate > particle density >
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Fig. 15 Effect of sand production rate on the erosion rate.
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production pressure differential > particle diameter. Specifically,
nozzle opening and sand production rate have the most significant
impact on the nozzle erosion rate, highlighting their dominant role in
the erosion process. In contrast, particle diameter has a relatively
minor effect, suggesting that in practical applications, the main driv-
ing factors of nozzle erosion are closely associated with nozzle open-
ing and sand production rate. The range analysis provides a quantita-
tive assessment of each factor's contribution to the erosion rate, offer-
ing a scientific basis for optimizing nozzle design and operating
parameters, and enabling more effective control of erosion in practice.

3.3 Analysis of nozzle erosion prediction model
3.3.1 Dataset and feature correlation analysis

Based on the hourly reports of well HT101, 186 data sets were com-
piled after removing duplicate entries. The input variables included
production pressure differential (the difference between the upstream
pressure at the nozzle inlet and the downstream pressure at the nozzle
outlet), nozzle opening, sand production rate, particle density, and
particle diameter. The erosion rate, calculated using Fluent software,
was taken as the target variable.

In addition, when selecting input features for data-driven modeling,
severe multicollinearity among features can often lead to overfitting
and biased parameter estimates. Therefore, to verify the rationality of
the selected features, a feature correlation analysis is usually con-
ducted. Pearson and Spearman correlation coefficients are widely used
to quantify the relationships between continuous variables. Compared
with the Pearson correlation coefficient, which primarily characterizes
linear relationships and typically relies on the assumption of normally
distributed variables, the Spearman correlation coefficient is a rank-
based non-parametric method that does not impose strict requirements
on data distribution and is more robust to outliers. More importantly, it
is capable of capturing monotonic relationships between variables,
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Table 2. Factor levels for the orthogonal experimental design.

Nozzle Plr;itei:sc&;gn Particle Particle Sand
Factor level opt(:]mng differential diameter densn;/ production
() (MPa) pm) (g/em?) rate (ml/d)
1 23 20 25 2 5
2 29 25 30 22 10
3 35 30 35 2.4 15
4 47 35 40 2.6 20
5 53 40 45 2.8 25
Table 3. Experimental scheme and results of the orthogonal design.
R Nozzle Production Particle Particle Sand Erosion
un ; pressure . : - .
No. opening  yieer ol diameter den51t3y Production thickness
(%) (MPa) (um) (g/em’) rate (ml/d)  (mm)
1 23 20 25 2 5 0.044
2 29 20 30 22 10 0.22
3 35 20 35 2.4 15 0.005
4 47 20 40 2.6 20 0.63
5 53 20 45 2.8 25 0.02
6 29 25 25 24 15 0.31
7 35 25 30 2.6 20 0.018
8 47 25 35 2.8 25 0.55
9 53 25 40 2 5 0.21
10 23 25 45 22 10 1.73
11 35 30 25 2.8 25 1.49
12 47 30 30 2.2 5 0.21
13 53 30 35 2.4 10 0.08
14 23 30 40 2.6 15 1.74
15 29 30 45 2.8 20 0.8
16 47 35 25 2.4 10 1.03
17 53 35 30 2.6 15 0.36
18 23 35 35 2.8 20 3.75
19 29 35 40 2 25 0.33
20 35 35 45 22 5 0.002
21 53 40 25 2.6 20 0.13
22 23 40 30 2.8 25 1.62
23 29 40 35 22 5 0.25
24 35 40 40 24 10 0.15
25 47 40 45 2.8 15 1.84

including nonlinear but monotonic trends.Given that the relationships
between input features and erosion rate in this study may exhibit
nonlinearity and deviate from normality, the use of the Spearman
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Table 4. Results of the range analysis.
Production . .
k value pressure ;artlctle Nozzle Eanlytle d Sz:pd .
differential iameter opening ensity production rate
ky 0.1838 0.6008 1.7768 0.1432 0.194
ky 0.5636 0.4856 0.382 0.642 0.4824
ks 0.864 0.927 0.333 0.851 0.315
ky 1.0944 0.612 0.852 1.0656 0.5756
ks 0.798 0.8784 0.16 0.802 1.43
R 0.9156 0.4414 1.6168 0.9224 1.236

correlation coefficient provides a more appropriate and robust charac-
terization of feature correlations. The Spearman correlation coeffi-
cient can be approximately calculated using the following formulal3°:
63d?
T nami-1)

In the formula, d; represents the rank difference of the correspond-
ing variable, i.e., the difference between the ranks of paired samples
after sorting the two variables; n is the sample size (or the total number
of observations); and p, denotes the Spearman correlation coefficient.
The closer the absolute value of pq is to 1, the stronger the correlation
between the variables.

As shown in Fig. 18, a feature correlation analysis was conducted
for production pressure differential (p), choke opening (k), particle
diameter (d), sand production rate (Q), and particle density (p). In
general, variables exhibiting high correlation (Jp, > 0.8) are not recom-
mended to be simultaneously used as input variablesP°l. When vari-
ables exhibit high correlation (|pg| > 0.8), they often introduce redun-
dant information and potential multicollinearity, which may adversely
affect model stability, interpretability, and generalization performance;
therefore, they are not recommended to be included simultaneously.
The Spearman correlation matrix indicates that sand production (Q)
exhibits a strong positive correlation with pressure differential (p, p, =
0.76) and particle diameter (d, p, = 0.58), while showing a moderate
negative correlation with nozzle opening (k, p, = —0.58) and particle
density (p, ps = —0.35). Here, the strength of correlation is evaluated
based on the absolute value of p,, where |p | < 0.3, 0.3 < |p,| < 0.7, and
lps = 0.7 correspond to weak, moderate, and strong correlations,
respectively. The inter-feature correlations remain moderate (< 0.4),
suggesting the absence of severe multicollinearity.

py=1 (26)

3.3.2 Analysis of predictive model results

To emphasize the development of the GPR model and to compara-
tively examine the influence of different kernel functions on predic-
tive performance, this study follows the GPR construction procedure
described above. Specifically, the training set was modeled using the
RBF, Matérn, and rational quadratic kernels, respectively, and the
resulting models were subsequently evaluated on the test set to assess
and compare their predictive performance. It should be noted that the
comparison of different kernel functions is not merely a technical
performance evaluation, but is intended to identify the most suitable
knowledge representation and modeling structure for this complex
engineering problem. In doing so, it helps reveal the underlying func-
tional characteristics and inherent patterns of the erosion process,
thereby improving the physical consistency and generalization capabil-
ity of the model.

As shown in Fig. 19, a systematic comparison was conducted to
identify the optimal kernel mechanism for the GPR-based erosion-rate
prediction model, considering the RBF (radial basis), Matérn, and
rational quadratic kernels. Based on 149 experimental samples, the
rational quadratic kernel achieved the highest fitting accuracy and
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Fig. 18 Feature correlation analysis

demonstrated superior generalization potential, primarily due to its
enhanced capability in capturing multi-scale correlation structures.
Specifically, it yielded an R? of 0.962, markedly outperforming the
Matérn (0.941) and RBF (0.895) kernels.To further mitigate partition-
induced uncertainty and rigorously assess model stability, 5-fold cross-
validation was performed on the training dataset. The results show that
the rational quadratic kernel consistently maintains strong predictive
performance across folds, with an average R? of 0.91 + 0.02 and
limited variability. Compared to the training performance (R% = 0.962),
no substantial degradation is observed, indicating that the model
does not exhibit pronounced overfitting and retains stable predictive
behavior.

Nevertheless, to more rigorously evaluate generalization under
unseen conditions, an independent test set was employed for extrap-
olative validation, ensuring robust predictive reliability beyond the
training domain.

As shown in Fig. 20, an independent test set was employed to vali-
date the GPR prediction models with different kernel functions.
Fig. 19 presents not only the simulated values and the predicted means
of the samples, but also the corresponding 95% confidence intervals.
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For the GPR model predicting the erosion rate, when the radial basis
function (RBF) kernel was adopted, the maximum absolute error
reached 4.64 x 1075 kg/(m?-s), and four samples fell outside the 95%
confidence interval. When the Matérn kernel was used, the maximum
absolute error decreased to 3.9 x 1073 kg/(m?2-s), with only two sam-
ples lying outside the 95% confidence interval. In contrast, when the
rational quadratic kernel was employed, the maximum absolute error
was further reduced to 2.5 x 1075 kg/(m?s), and all samples were
contained within the 95% confidence interval.

As shown in Table 5, the coefficients of determination (R?) for the
RBF, Matém, and rational quadratic kernels are 0.835, 0.829, and
0.910, respectively. The GPR model constructed with the rational
quadratic kernel exhibits the closest agreement between the predicted
mean values and the simulated results, achieving the lowest RMSE
and the highest R2, which are 1.21 x 1075 and 0.910, respectively.

Overall, for the dataset considered in this study, the GPR model
employing the rational quadratic kernel demonstrates the best general-
ization performance. It ensures relatively small prediction errors while
producing narrower confidence intervals compared with the other two
kernel functions. Therefore, it is recommended to adopt the rational
quadratic kernel for constructing the GPR model to predict the nozzle
erosion rate.

4 Conclusions

Through a systematic investigation of the erosion and wear charac-
teristics of surface throttling in ultra-high-pressure condensate gas
wells, as well as the associated prediction models, the following con-
clusions can be drawn:

(1) Under ultra-high-pressure operating conditions, analysis of the
erosion contour of the CV10 adjustable nozzle indicates that the
regions most susceptible to erosion on the valve core are primarily
concentrated on the backflow surface and at the outlet of the lateral
flow surface. Among these, the lateral flow surface experiences the
most severe erosion, whereas no significant erosion is observed on the
inner wall of the valve core. These findings are generally consistent
with field operational observations. Meanwhile, a certain degree of
erosion wear is also observed on the valve sleeve; however, its sever-
ity is markedly lower than that of the valve core. The underlying
mechanisms require further in-depth investigation in future studies.
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Fig. 19 Predicted erosion-rate results for the training set.

From an engineering application perspective, the above erosion distri-
bution characteristics indicate that the lateral flow surface of the valve
core is more prone to wall thinning, thereby becoming a critical region
affecting equipment service life and potential failure risk. This area
should be prioritized for monitoring and evaluation during actual oper-
ation and maintenance.

(2) For the surface CV10 throttling nozzle used in ultra-high-pres-
sure condensate gas wells, when the wellhead pressure ranges from 75
to 130 MPa and the sand production rate is 5-20 ml/d. Increasing the
opening of the adjustable nozzle and reducing the production pressure
differential of the gas well can effectively mitigate nozzle erosion. For
every 10% increase in nozzle opening, the erosion rate decreases by an
average of 1.97 x 10~ kg/(m?'s), and the monthly erosion thickness is
reduced by approximately 0.23 mm. For every 5 MPa reduction in
production pressure differential, the erosion rate decreases by an aver-
age of 7.66 x 107 kg/(m?-s), and the monthly erosion thickness is
reduced by approximately 0.08 mm.

(3) Under ultra-high-pressure conditions, the relative influence of
different factors on the erosion of the adjustable nozzle follows the
order: nozzle opening > sand production rate > particle density > pro-
duction pressure differential > particle size. A reduction in nozzle open-
ing significantly aggravates erosion. The sand production rate affects
both the frequency and intensity of particle impingement. Although
particle density, production pressure differential, and particle size exert
comparatively smaller effects, their influence remains non-negligible.

Yang et al. The Knowledge Engineering Review 2026, 41: e004

Therefore, these factors should be comprehensively considered in the
optimization of nozzle design to extend its service life.

(4) Regarding the erosion prediction model, a Gaussian Process
Regression (GPR)-based model was developed to predict nozzle
erosion, and three different kernel functions were comparatively evalu-
ated. The coefficients of determination (R2) for the RBF, Matérn, and
rational quadratic kernels are 0.835, 0.829, and 0.910, respectively.
The GPR model constructed with the rational quadratic kernel shows
the closest agreement between predicted and simulated values, achiev-
ing the minimum RMSE (1.21 x 107%) and the maximum R2? (0.910).
Therefore, the GPR model employing the rational quadratic kernel
demonstrates the best generalization performance among the consid-
ered kernels.

Ethical statements

Not applicable.

Author contributions

The authors confirm their contributions to the paper as follows:
study conception and design: Yang Y, Liu Q; data collection: Feng X;
analysis and interpretation of results: Feng D, Liu H, Liu Z; draft
manuscript preparation: Hu H, Chen W. All authors reviewed the
results and approved the final version of the manuscript.

Page 13 of 15



The Knowledge

Engineering Review
2.4E—4
95% Confidence Interval
—&— Simulation Results
20E-4 | —a&— Predicted Results
= RBF kernel function
A 16E—4 b
E
)
—
o 12E—4
=
~
s
2 BOE-5 |
2
=
4.0E=5 |
0.0E+0 L " 1 i L " 1 i L " 1 i L " ' "

20
Sample
24E-4

25 30

Surface throttling erosion in gas wells

24E-4 S
95% Confidence Interval
. —a— Predicted Results
2064 | —a&— Simulation Results
= Matérn kernel function
2 L6E-4
=)
&
—
o L2E-4
=
o
o
2 B0E-5
e
=
40E-5 |
00[,.(. I SR E— L I L 1 I L

15 20

Sample

0 5 10 10

20E-4

L6E~4

L.2E-4

T

8.0E-5 -

Erosion Rate (kg/m?*'s)

{.0E-5 b

0.0E+0 4 = 1

—b— Predicted Results
—e— Simulation Results

Rational quadratic kernel function

95% Confidence Interval

1 A 1 1 L

Fig. 20 Predicted erosion-rate results.

Table 5. Performance evaluation of GPR models with different kernel functions.

Nozzle erosion rate

Kernel function

R? RMSE/(kg/m?:s)  MSE/(kg?m*-s?)
RBF 0.835 1.71 x 1073 2.92x 10710
Matérn 0.829 1.67 x 1073 2.78 x 10710
Rational quadratic 0.910 1.21 x 1073 1.47 x 10710
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