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Abstract

In cold hydrogenation processes, bent pipes are highly susceptible to severe localized
erosion under hydrogen-silica powder gas—solid two-phase flow. However, high-fidelity
numerical simulations are computationally expensive and thus inadequate for rapid as-
sessment under multiple operating conditions. To overcome this limitation, an MI-UK-
GPR-based method is proposed for predicting the erosion rate of cold hydrogenation bent
pipes. Based on a validated CFD model, six input variables, namely pipe inner diameter,
curvature ratio, bend angle, particle mass flow rate, particle size, and particle velocity, were
selected. Latin hypercube sampling was employed to generate parameter combinations,
and the corresponding maximum erosion rates were obtained through high-fidelity CFD
simulations to construct an LHS-CFD sample database. The input variables were then
normalized, and the maximum erosion rates were log-transformed. On this basis, an
MI-UK-GPR model integrating a mechanistic trend term with a Gaussian process residual
term was developed to capture both the global trend of erosion peaks and local nonlinear
deviations. Model performance was assessed using leave-one-out cross-validation with
MAE, RMSE, MAPE, R?, and PICP as evaluation metrics. The results show that, under
leave-one-out cross-validation, the proposed MI-UK-GPR model achieved an MAE of
7.10 x 107>, an RMSE of 1.29 x 10~*, a MAPE of 14.53%, an R? of 0.9573, and a PICP of
88.33%, outperforming RSM, SVR, and ordinary GPR in terms of overall prediction perfor-
mance. In addition, for 50 independent operating conditions, the total computational time
of parameterized CFD batch simulations was 5083.51 s, whereas the trained MI-UK-GPR
model required only 0.004860 s, corresponding to a speedup of approximately 1.05 x 10°.

Overall, the proposed method provides a physically consistent, uncertainty-aware, and
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computationally efficient framework for rapid erosion assessment of cold hydrogenation
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1. Introduction

Polysilicon is a critical foundational material for the photovoltaic and semiconductor
industries, and its high-purity production process directly affects the performance and man-
ufacturing cost of downstream devices [1]. At present, industrial polysilicon production
still primarily relies on the Modified Siemens Process. This process realizes a closed-loop
raw material cycle through the recovery and conversion of the by-product silicon tetra-
chloride. As a key reaction step in this process, cold hydrogenation plays an essential
role in converting silicon tetrachloride into trichlorosilane, thereby significantly improving
raw material utilization efficiency and reducing overall process costs [1-4]. Under cold
hydrogenation conditions, the reaction medium typically operates at high temperature and
high pressure in a gas—solid two-phase environment. Continuous particle impingement on
the walls of elbow sections can readily cause localized erosion and wall thinning, thereby
compromising the operational reliability of the equipment [2-4]. Owing to the substantial
geometric curvature variation of elbow sections, the strong particle deflection and migra-
tion, and the complexity of local flow structures, erosion behavior in these regions often
exhibits pronounced spatial non-uniformity. Compared with direct in situ measurements,
erosion assessment based on high-fidelity numerical simulations can provide more detailed
information on wall response; however, the computational cost becomes prohibitive under
multiple operating conditions. Therefore, it is necessary to develop a rapid prediction
method that combines physical consistency with computational efficiency.

For engineering erosion assessment, empirical and semi-empirical models have long
been used because of their simplicity and low computational cost. Representative examples
include DNV-RP-O501 and the Tulsa model. DNV-RP-O501 provides recommended-
practice guidance for managing sand production and erosion in oil and gas production
facilities and has been widely used as an engineering reference for erosion-risk assess-
ment in piping systems [5]. The Tulsa model, represented by the work of Shirazi, Shadley,
McLaury, and Rybicki, provides a semi-empirical procedure for predicting solid-particle
erosion in typical pipe fittings such as elbows and tees [6]. These models are valuable for
preliminary erosion screening, safe-operation assessment, and rapid engineering estima-
tion. Although these empirical and semi-empirical models are useful for rapid engineering
estimation, their simplified assumptions make it difficult to fully describe localized erosion
distributions and complex parameter coupling in cold hydrogenation elbows. Therefore,
experimental investigation and high-fidelity numerical simulation remain important ap-
proaches for revealing detailed erosion mechanisms and wall-response characteristics.

At present, extensive research on pipeline erosion has been carried out both in China
and internationally, mainly along two lines: experimental investigation and numerical
simulation. Experimental studies have generally relied on pipeline erosion test systems
to examine erosion mechanisms in gas—solid two-phase flow and related elbow erosion
scenarios, whereas numerical studies have primarily focused on evaluating the effects
of various factors on erosion rates in elbow sections under gas-solid and liquid-solid
two-phase flow conditions. In experimental research, Othayq et al. [7] constructed a series
of standard elbow loops, combined with paint film removal and ultrasonic thickness mea-
surements, to compare erosion patterns under gas—-sand and multiphase flow conditions,
and found that the elbow spacing ratio (L/D) influenced both the erosion magnitude and
the erosion location in the second elbow; under gas—sand conditions, the overall erosion
of the second elbow was lower than that of the first elbow, consistent with CFD results.
Wang et al. [8] experimentally and numerically investigated slurry erosion behavior in
a horizontal elbow and elbows in series, providing useful evidence for understanding
erosion distribution and particle-impact behavior in elbow structures. Zhou F. et al. [9]
carried out orthogonal experiments using 7-15 mm coarse coal particles in a 90° elbow loop
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of a pneumatic conveying system and reported that the erosion center was located near the
inlet tangent region at approximately 25-30°, with elbow type and gas velocity identified
as the dominant influencing factors, while typical micro-cutting morphologies were also
observed. Liu E.-B. et al. [10] combined experiments with CFD simulations based on the
Oka model using elbows in shale gas gathering and transportation systems as the test object,
confirming that the Oka model provided the best fit for the interaction between quartz sand
and carbon steel and that a spiral structure could reduce erosion by approximately 34%
under identical operating conditions. Hong et al. [11] established a gas—solid two-phase
erosion test bench and found that erosion was most severe at an impingement angle of
approximately 30°; they further reported that L245 carbon steel exhibited a higher erosion
rate than 304 stainless steel because of its lower hardness, and on this basis proposed a
modified erosion model to better fit the measured data.

In numerical simulation research, Yu Y. et al. [12] employed dynamic meshing com-
bined with two-way fluid-structure interaction to simulate erosion in high-pressure gas—
solid two-phase flow within elbows while simultaneously accounting for wall deformation
and stress, and quantified the effects of pressure, velocity, bending radius, bend angle, and
wall thickness on erosion and residual strength. Peng et al. [13] experimentally and numer-
ically studied sand-particle erosion under slug-flow conditions in a horizontal pipe bend,
showing that multiphase flow patterns can significantly affect particle-impact behavior and
local erosion distribution. Mu L. et al. [14] combined CFD with reduced-order modeling to
rapidly predict the erosion field in gas—solid two-phase pipe bend systems, and validation
based on a 135° industrial pipeline demonstrated that the model could predict both erosion
location and erosion rate in a timely and accurate manner while significantly reducing
computational cost. Zhao et al. [15] investigated the influence and optimization of swirler
parameters on elbow wear in a deep coal fluidization pipeline transportation system, indi-
cating that flow-guiding structures can change particle trajectories and reduce local wear in
elbow sections. Li Y. et al. [16] developed a large eddy simulation-discrete phase model for
predicting gas—solid two-phase flow in elbows, and comparisons with RNG k—¢ simulations
and experimental data showed that increasing inlet velocity led to a monotonic rise in
total pressure drop and a reduction in particle motion stability. Liu et al. [17] numerically
analyzed solid-particle erosion in elbows under annular-flow conditions and discussed the
influence of flow and particle behavior on the erosion characteristics of elbow sections.

In recent years, data-driven machine learning (ML) [18] has provided a wide range
of methods for knowledge extraction from data and offers substantially higher computa-
tional efficiency than traditional experiments or numerical simulations, thereby attracting
considerable attention in intelligent modeling and rapid prediction in fluid mechanics [19].
Wang et al. [20] combined machine learning with swarm intelligence optimization to model
the erosion rate of solid particles in elbows, and found that hybrid optimization signifi-
cantly reduced prediction errors while identifying flow velocity and sand content as the
dominant influencing factors. Chen et al. [21] developed an Al-driven prediction model
for gas—solid two-phase erosion in elbows and performed hyperparameter optimization,
which significantly reduced prediction errors and mitigated overfitting compared with
empirical correlations and standalone ML models. Chi et al. [22] applied response surface
methodology (RSM) and a genetic algorithm-optimized backpropagation neural network
(GA-BP) to predict the maximum erosion rate of elbows in shale gas gathering and trans-
portation systems, and the results showed that GA-BP was more capable of capturing
variable interactions and significantly outperformed RSM. Li et al. [23] employed explain-
able machine learning based on tree models and SHAP to predict gas—solid erosion in
series-connected elbows, revealing that inlet velocity and bend radius are the key control-
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ling variables and that the model exhibits good generalization ability between upstream
and downstream elbows.

Although the above studies have significantly advanced the understanding and predic-
tion of elbow erosion, several challenges remain for cold hydrogenation applications. First,
empirical and semi-empirical engineering models are computationally efficient but may not
fully capture the coupled effects of cold hydrogenation geometry, gas—solid flow conditions,
and localized particle impingement. Second, high-fidelity CFD simulations can provide
detailed erosion distributions and physically consistent erosion-response data, but their
computational cost becomes prohibitive when a large number of geometric and operating
conditions must be evaluated. Third, purely data-driven machine learning models can
improve prediction efficiency, but they generally require sufficient calibration data and
may lack physical interpretability under small-sample conditions. Finally, many existing
prediction methods mainly provide deterministic point estimates, whereas uncertainty
information is also important for engineering risk assessment and high-risk operating-
condition identification. Therefore, there remains a need for a rapid erosion prediction
method that can combine CFD-based physical consistency, small-sample learning capability,
computational efficiency, and uncertainty quantification.

To address these issues, this study focuses on the feed elbow of a cold hydrogenation
reactor in a polysilicon chemical plant in Xinjiang. Under long-term high-pressure operating
conditions involving hydrogen—particle interactions, this pipeline is highly susceptible
to repeated impingement by high-velocity particles, which gradually removes surface
material and thereby compromises equipment safety and service life. Moreover, accurate
wall-thickness measurement on curved surfaces such as elbows remains difficult, and
manual inspection under high-pressure, hydrogen-rich conditions poses considerable
safety risks, resulting in limited accumulation of wall-thinning data. From the perspective
of plant operation, erosion-induced elbow failure can trigger unplanned shutdowns, which
not only cause substantial direct economic losses but also disrupt the overall production
schedule through capacity interruption. Therefore, this study first establishes a CFD-based
gas—solid two-phase erosion model to obtain the maximum erosion rate, E;;;x, on the inner
wall of the elbow, and subsequently constructs a training dataset under multiple operating
conditions to develop an MI-UK-GPR surrogate model for predicting Ex. By reducing the
prediction cost under multiple operating conditions while preserving physical consistency,
this study provides a reproducible methodological framework for rapid erosion assessment
of cold hydrogenation elbows, parameter screening, and the identification of operating
conditions associated with relatively high erosion rates. The technical roadmap of this
study is shown in Figure 1.

https://doi.org/10.3390/lubricants14070254


https://doi.org/10.3390/lubricants14070254

Lubricants 2026, 14, 254

5 of 31

Input variable and range definition

\
I | Input and preprocess new
D. RD. 6, mp. dp. ¥ [

» Data preprocessing — g .
operating conditions

. Mechanism-informed
‘ LHS sampling ‘ trend construction m )

v

|
|
|
|
| ‘ Predictive mean u{x>) and ‘
|

| High-fidelity CFD calculation | |
|
|
|
|
|
|

variance s°(x*¥)

GPR residual modeling

Six)

Inverse transform ation to
obtain Emax

‘ Output extraction ‘ Kernel function selection
Emax Matérn 5/2 + ARD + mugget interval

‘ Compute 95% confidence ‘

Hyperparam eter optimization | Rapid assessment and |

likelihood parameter screening

< Optimization conver

Yes
A4

Trained MI-UK-GPR model |

h 4
LOOCY validation
MAE /RMSE / MAPE/ PICP

| |
t |
| |
| |
| |
| |
| |
| |
| |
| |
| |
S | |
LHS-CFD | |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |

|
|
|
|
|
|
|
|
|
|
|
|
|
| Sample database
|
|
|
|
|
|
|
|
|
|
|
|

Prediction and application part

Figure 1. Technical roadmap for erosion rate prediction in cold hydrogenation elbows based on the
MI-UK-GPR model. Note: x* denotes a new input vector corresponding to an operating condition to
be predicted.

2. Methodology
2.1. Overall Workflow

Following the technical roadmap presented in Figure 1, the methodology of this study
comprises three major stages: generation of erosion-response data using a validated CFD
model, construction and preprocessing of the LHS-CFD sample database, and development
of the MI-UK-GPR surrogate model for rapid prediction. The detailed procedures for geo-
metric parameterization, numerical simulation, database construction, model formulation,
and performance evaluation are described in the following subsections.

2.2. Numerical Simulation of Erosion Rates

To improve modeling efficiency and focus on the dominant mechanism of particle
inertia-driven erosion, this study neglects chemical reactions and compositional variations
by treating the continuous phase as an isothermal equivalent gas. This treatment preserves
the first-order effects of fluid density and viscosity on particle drag and on the flow structure
within the elbow, while excluding the influences of exothermic reactions, species transport,
and phase change. Based on production data from the cold hydrogenation unit of a
representative polysilicon plant, the ranges of six factors were defined, including pipe
inner diameter D, curvature ratio R/D, bend angle 0, particle mass flow rate m,,, particle
diameter d),, and particle velocity v. The detailed parameter settings are listed in Table 1.

Table 1. Parameters of Factors Considered in the Simulation.

Factor Symbol Range Unit
Pipe inner diameter D 50-200 mm
Curvature ratio R/D 1.5-5.0 —
Bend angle 0 45-90 °
Particle mass flow rate ny 0.01-0.30 kg/s
Particle diameter dp 80-250 um
Particle velocity v 12-30 m/s
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2.2.1. Mathematical Model
Turbulence Model

This study adopts the SST k-w turbulence model [24] for the numerical simulations.
The corresponding governing equations are presented in Equations (1)—(3).

@—}—V-(puk)zv'[(u—k%ﬁ)Vk}-i—Pk—B*Pkw (1)

A2 4 V- (puw) = V- [ (n+ £ ) Voo| + af Py — Bpa? +2(1 - Fy) £2u2TET®  (9)

_ ark
He = pmax(allw,SFz) 3)

where p is the fluid density, in kg/m?; u denotes the velocity vector, in m/s; t is time,
in s; p is the dynamic viscosity, in Pa-s; p, is the turbulent viscosity, in Pa-s; k is the

1. oy and o, are

turbulent kinetic energy, in m?/s%; w is the specific dissipation rate, in s~
the turbulent Prandtl numbers associated with the k and w equations, respectively; Py is
the production term of turbulent kinetic energy induced by the mean velocity gradient;
f* and B are empirical model constants controlling the dissipation terms in the k and w
equations, respectively; « is the coefficient of the production term in the w equation; F; and
F, are blending functions used to ensure a smooth transition between the near-wall region
and the free-stream region; a; is the model constant used to limit the turbulent viscosity; S
is the magnitude of the strain rate; V denotes the gradient operator; and V- denotes the

divergence operator.

Force Equations for the Discrete Phase

Discrete-phase particles in the flow field are subjected to multiple forces, in-
cluding drag, lift, gravity, and virtual mass force, and their motion is governed by
Equations (4)—(10).

d

% = Fdrag + Fiife + Fgravity + Fym 4)

18 CpRe
Farag = ppci% = (u—up) (5)
Cp = £ (1+0.15Re)*) ©)

ppd |u—u |

Rep = % 7)
Fii = 1.615-d5 - \/fip- V x u (8)
1::gravity = Pp- Vp '8 )

mdd
Vp = ?p (10)

In these equations, up denotes the particle velocity, in m/s; Fyrag is the drag force
exerted by the gas flow on the particle; p is the gas viscosity, in Pas; p, is the particle
density, in kg/m3; d;, is the particle diameter, in m; Cp is the drag coefficient; Rep, is the
particle Reynolds number; Fjy, is the lift force acting on the particle in the flow field; V x u
represents the vorticity of the gas flow; Fgrayity is the gravitational force acting on the
particle; Vp, is the particle volume; g is the gravitational acceleration; and Fym represents
the effect associated with fluid acceleration around the particle. For particles with relatively
high density, the virtual mass force is generally negligible.
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Oka Erosion Model

For erosion prediction in cold hydrogenation feed elbows, the Oka erosion model [25,26]
was adopted. Originally proposed by Oka et al. [25,26] at Hiroshima University in 2005,
the model is described by Equations (11) and (12).

Keld :JP(X)C<VYef>nf(9)(dif)m(le‘})ik (1)

f(e) _ _ sin® 9-cos® 6
(:35)2 (%)

where Rg(x) is the erosion mass flux, in kg/m?s; Jp is the particle impact mass flux, in

(12)

NIT

kg/ (s:m?); V is the particle impact velocity, in m/s; £(0) is the angle function; d is the
particle diameter, in m; Hy, is the hardness of the target material, in GPa; and C, n, m, k, a,
b, Viet, Hyer are model constants.

2.2.2. Geometric Model and Mesh Generation

This study takes the feed elbow of a cold hydrogenation reactor in a polysilicon chem-
ical plant in Xinjiang as the prototype for geometric modeling. The elbow specifications are
DN100 x R400 x 90°. Straight pipe sections with a length of five diameters were arranged
upstream and downstream of the elbow to minimize the direct influence of boundary
conditions on the local secondary flow and particle impingement behavior within the el-
bow, while maintaining a consistent relative development length across different geometric
configurations. The geometry was created using ANSYS SpaceClaim 2022R1. To ensure the
accuracy of flow-field and particle erosion calculations in the elbow region, a structured
sweep meshing method was adopted. Local mesh refinement was applied in the elbow
region to improve the resolution of secondary flow structures and erosion hotspots. Mesh
quality was evaluated using skewness and orthogonal quality. To provide a more complete
description of the mesh quality, the minimum, maximum, average, and standard deviation
values of these two criteria were extracted from the selected mesh used for the subsequent
CFD-DPM simulations. The detailed mesh-quality statistics are summarized in Table 2.
The skewness ranged from 5.522 x 1073 to 0.4088, with an average value of 7.961 x 102
and a standard deviation of 6.8384 x 10~2. The orthogonal quality ranged from 0.59341
to 0.99975, with an average value of 0.99147 and a standard deviation of 2.3942 x 1072,
These results indicate that the generated mesh exhibited low element distortion and good
orthogonality, satisfying the quality requirements for resolving the gas—solid two-phase
flow and particle-induced erosion behavior in the elbow region. The geometric model and
the corresponding mesh are shown in Figure 2.

Table 2. Mesh-quality statistics of the selected mesh used in the CFD-DPM erosion simulation.

Mesh-Quality Criterion Minimum Maximum Average Standard Deviation
Skewness 0.005522 0.4088 0.07961 0.068384
Orthogonal quality 0.59341 0.99975 0.99147 0.023942

2.2.3. Boundary Condition Settings and Material Parameters

The continuous phase was treated as hydrogen with constant thermophysical prop-
erties under operating conditions of 3.2 MPa and 80 °C to represent the primary flow
characteristics of the cold hydrogenation feed gas. No-slip boundary conditions were
imposed on the flow field, and the near-wall region was treated using the automatic wall-
function approach of the turbulence model. A velocity inlet boundary condition was
specified at the inlet, a pressure outlet boundary condition was applied at the outlet, and a
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wall boundary condition was imposed on the pipe wall. The discrete phase consisted of sil-
icon powder particles with a density of 2330 kg/m3. Since the particle volume fraction was
less than 1%, inter-particle collisions were neglected. In the DPM model, escape conditions
were specified at both the inlet and outlet, whereas reflect conditions were imposed at the
wall. The particle injection was modeled using a surface injection source, with particles
randomly released from the inlet boundary, and the initial particle velocity was set equal
to the fluid inlet velocity. Particle-wall collisions were described using the Grant and
Tabakoff reflection model. During the FLUENT simulations, the SIMPLEC algorithm was
adopted for pressure-velocity coupling, and second-order upwind schemes were used for
the discretization of momentum, turbulent kinetic energy, and specific dissipation rate.

0.5m ‘

= 0.15m outlet

il

inlet

__|~¢0.1m‘—l

Figure 2. Geometric Modeling and Mesh Generation of the Bent Pipe.

In addition, the material properties used for the wall and discrete phase were specified
to ensure consistency in the CFD-DPM erosion calculation. The actual elbow material used
in the cold hydrogenation conveying system was 316 stainless steel, while the discrete
phase was silicon powder. In the Oka erosion model implemented in Fluent, the wall
Vickers hardness, (Hy ), was set to 1.8 GPa, which was consistently used for all CFD cases in
the construction of the LHS-CFD sample database. The relevant wall and particle material
parameters are summarized in Table 3. It should be noted that the present simulation
mainly focuses on mechanical erosion caused by particle impingement, while chemical
corrosion, material degradation during long-term service, and temperature-dependent
variation of wall material properties were not considered.

Table 3. Material parameters used in the CFD-DPM erosion simulation.

Category Parameter Symbol  Value Unit Description
Wall material Elbow material . 316 Stainless Actual matgnal of the ?old
steel hydrogenation conveying elbow
Wall material Density Ow 8000 kg/m3  Engineering value for 316 stainless steel
Wall material Wall Vickers H, 18 GPa Hardnesg parameter used in the Fluent
hardness Oka erosion model
Wall material Young’s modulus Ej 193 GPa Engineering value for 316 stainless steel
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Table 3. Cont.

Category Parameter Symbol  Value Unit Description

Wall material Poisson’s ratio Vi 0.3 — Engineering value for 316 stainless steel
Discrete phase ~ Particle material ~ — Silicon . Solid particles in the cold hydrogenation

powder feed gas
. . . Same value as that used in the
3
Discrete phase  Particle density Op 2330 kg/m DPM simulation

Discrete phase

Particle diameter ~ d, 80-250 pum Same range as that listed in Table 1

2.2.4. Verification of Mesh Independence

Because the objective of this study is to predict and compare the maximum erosion
rate, Ejqy, on the inner wall of the elbow—a quantity highly sensitive to local mesh
resolution—E,;;x was adopted as the primary criterion, while the inlet-outlet pressure
drop, AP, was used as the secondary criterion for mesh independence verification. To
ensure comparability among different mesh systems, multiple sets of structured meshes
with progressively increasing density were generated by adjusting the number of layers in
the sweep direction, while keeping the geometric model, mesh topology, and boundary
conditions unchanged. To quantify the influence of mesh refinement on the numerical
results, the variations in the maximum erosion rate, E,;;;, on the inner wall of the elbow and
in the inlet-outlet pressure drop, AP, were compared across different meshes. Here, E;y is
defined as the maximum value of the wall erosion-rate field, as given in Equation (13).

Enax = max E(s) (13)
s€0y
where (), denotes the inner-wall region of the elbow, and E(s) is the erosion rate at wall
position s. The mesh independence criterion is evaluated in terms of relative change rates.
For any two mesh levels, the relative differences in the maximum erosion rate and pressure
drop are defined by Equation (14).

ES). —EGD L0 APW — AP(-1) o0, ”
Eg= —— 1 X % ep = . X %
S} A

where the superscript i denotes the finer mesh level, ¢g denotes the relative change rate
of Ejuax, and ep denotes the relative change rate of AP. The specific results are presented in
Table 4, which lists the number of elements, pressure drop, maximum erosion rate, and the
corresponding relative change rates for each mesh level, thereby allowing the variation of
Enax with mesh refinement to be examined.

The calculation results indicate that, with progressive mesh refinement, the pressure
drop, AP, remains approximately constant at around 176 Pa, and the variation rates be-
tween adjacent mesh levels are relatively small. Specifically, the values of ep for G2-G6 are
0.6186%, 0.0379%, 0.1211%, 0.1529%, and 0.0067%, respectively, indicating that the overall
flow resistance is no longer sensitive to mesh refinement. Meanwhile, as shown in Figure 3,
the location of the maximum erosion rate remains essentially unchanged under different
mesh configurations, demonstrating good consistency in the spatial distribution of the
primary erosion zone. Figure 4 presents the maximum erosion rate obtained under different
mesh conditions. As the number of mesh elements increases from 98,397 to 196,267, the max-
imum erosion rate rises markedly from 7.81 x 107> kg:-m~2-s71 t09.90 x 107> kg:m 257!,
with the corresponding relative change rates between adjacent mesh levels, eg, being
14.6244%, 4.4071%, and 3.4280%, respectively. This indicates that, within the relatively
coarse mesh range, the prediction of the erosion peak is still affected by mesh resolution.
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However, when the mesh density is further increased to 240,487 and 273,277 cells, Eax
changes only slightly, from 1.019 x 10~% kg:m~2:s7! t0 1.022 x 10~* kg'm~2-s!, while the
corresponding relative change rates decrease to 2.7905% and 0.2573%, indicating that the
numerical error has largely converged. A comprehensive examination of the variation char-
acteristics of AP and Ej;; shows that, once the mesh reaches level G5, further refinement
yields only marginal improvements in the overall results while significantly increasing the
computational cost. Therefore, the G5 mesh satisfies the accuracy requirements for elbow
erosion prediction in this study, and all subsequent model validation and result analysis
are based on this mesh.

Table 4. Results of the mesh independence analysis for the reference elbow model.

Mesh Level Cells AP/Pa Epar/(kgm—2.s71) epl/% eg/%
Gl 98,397 176.9719 7.809995 x 10> — —
G2 142,117 175.8839 9.14781 x 107> 0.6186 14.6244
G3 172,721 175.8173 9.56955384 x 10> 0.0379 4.4071
G4 196,267 176.0305 9.900924 x 107> 0.1211 3.4280
G5 240,487 175.7617 1.01937 x 10~* 0.1529 2.7905
G6 273,277 175.7500 1.022 x 10~4 0.0067 0.2573

Gl G3 G5

Figure 3. Locations of erosion hotspots under different mesh levels (G1, G3, and G5 as examples).
The color scale represents erosion intensity, where blue indicates low erosion and red indicates
high erosion.

2.2.5. Model Validation

After completing the mesh independence analysis, the reliability of the numerical
model developed in this study was further validated using the experimental and numerical
results reported by Liu et al. [10] on the erosion behavior of elbows in shale gas gathering
and transportation systems as an external reference case. In that study, the 50-70° region
on the outer-curvature side of the elbow was first identified as the primary erosion zone
through pre-erosion experiments. Subsequently, nine specimens were extracted from
this region, and the local erosion rates were measured using the gravimetric method. In
addition, four erosion models, namely the Generic, Finnie, McLaury, and Oka models,
were compared, and the results showed that the Oka model was in the closest agreement
with the experimental data. Since the research object of the present study does not fully
coincide with that reported in the literature in terms of medium composition and operating
conditions, the validation in this section does not aim to reproduce the absolute operating
conditions exactly, but rather to examine whether the proposed model can adequately
characterize the distribution pattern of the primary erosion zone in the elbow. To this end,
following the specimen partitioning strategy adopted by Liu et al., the primary erosion
zone on the outer side of the elbow was divided into nine corresponding regions, and
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the average erosion loss of each specimen region was extracted and compared with the
experimental values reported in the literature.
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Figure 4. Maximum erosion rates under different mesh sizes.

Figure 5 and Table 5 present a comparison between the experimental data obtained at
different specimen locations and the simulation results of the present study. It can be seen
that both the experimental and numerical results exhibit a trend of first increasing and then
decreasing, with the peak values located in the central primary erosion zone, indicating
that the proposed model can effectively reproduce the spatial distribution characteristics of
the main erosion zone on the outer side of the elbow. The average relative error across the
nine specimen locations was 12.48%. Moreover, the errors were generally smaller for the
specimens located within the primary erosion zone, suggesting that the model provides
relatively stable predictions in the peak erosion region. Previous studies have shown that,
within the 50-90° range of the primary erosion zone, the relative error of the Oka model
with respect to experimental results is approximately between —11% and +18%, indicating
good predictive performance [10]. The results obtained in this study are generally consistent
with this error range, and the locations of the peak-value specimens agree well with the
experimental observations. It should be emphasized that the purpose of the validation
in this section is to verify the capability of the model to characterize the distribution
pattern of the primary erosion zone in gas—solid elbows, rather than to directly equate the
absolute erosion values reported in the literature with the actual operating conditions of
cold hydrogenation. Considering the consistency in peak location, distribution trend, and
overall error level, the CFD model established in this study is considered to be reliable and
capable of meeting the requirements for subsequent parametric sample generation and
surrogate model development.
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Figure 5. Comparison between experimental erosion rates and numerical predictions at different
specimen locations.

Table 5. Comparison of experimental and simulated erosion values at different specimen locations.

Test Piece Experimental Present Relative Error/%
Number Value/(mg-d—1) Simulation/(mg-d—1)

1 8 6.4 20.00
2 16 13.8 13.75
3 23 21.6 6.09
4 32 36.1 12.81
5 38 347 8.68
6 58 50.8 12.41
7 45 422 6.22
8 18 15.6 13.33
9 10 8.1 19.00
MRE 12.48

2.3. Sample Construction and Data Preprocessing

The predictive performance of a surrogate model depends strongly on the coverage of
the training samples and the quality of data representation. Considering that the maximum
erosion rate, E;y, of elbows is jointly governed by geometric parameters and particle-
related conditions, while high-fidelity CFD simulations are computationally expensive, this
study employs Latin hypercube sampling to construct a representative LHS-CFD sample
library. On this basis, the input and output variables are further preprocessed to improve
the numerical stability of subsequent model training.

2.3.1. Construction of the LHS-CFD Sample Library

The maximum erosion rate, E;;ux, of an elbow is jointly governed by geometric pa-
rameters and particle-flow conditions. To obtain training samples with uniform coverage
over the engineering parameter space, this study employs Latin hypercube sampling (LHS)
to construct input—-output sample pairs. Compared with simple random sampling, LHS
stratifies the marginal distribution of each input variable with equal probability and then
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randomly combines the samples, thereby improving the coverage of the parameter space
under a limited sample size [27]. Based on the variable ranges specified in Table 1, six input
factors are considered in this study: pipe inner diameter D (50-200 mm), curvature ratio
R/D (1.5-5.0), bend angle 6 (45-90°), particle mass flow rate 111, (0.01-0.30 kg/s), particle di-
ameter dj, (80-250 pum), and particle velocity v (12-30 m/s). For each LHS sample point, the
previously validated CFD-DPM erosion model is employed to calculate the wall erosion-
rate field E(s), and the target label is defined as the maximum erosion rate over the inner-
wall region Q of the elbow, thereby yielding the training dataset D = {(x;, Emax,i) }%%; -
The LHS design and the corresponding CFD simulation results are summarized in Table 6.
Because each sample requires a high-fidelity CFD-DPM simulation to obtain its label,
sample construction is computationally expensive. Therefore, to balance the coverage of
the six-dimensional parameter space against computational cost, this study constructs a
small-sample surrogate modeling dataset consisting of 60 LHS samples and further im-
proves sample efficiency through leave-one-out cross-validation (LOOCYV). This dataset
preserves the physical consistency of high-fidelity numerical simulations while providing a
controllable and reproducible data basis for subsequent surrogate model training.

Table 6. LHS sample set and corresponding CFD simulation results.

Sample_ID D (mm) R/D () 0 (deg) iy (kgls)  dp (um) v (m/s) (kgﬁ‘;;‘é‘.s))
1 148 2.52 62.4 0.103 88.23 24.6 0.000149805
2 78 3.55 63.7 0.129 84.62 16.2 0.000308447
3 101 4.84 67.2 0.110 214.43 21.0 0.000232976
4 108 2.80 56.4 0.293 142.42 29.1 0.001204266
5 81 1.72 66.4 0.242 124.90 28.6 0.001918827
6 131 471 50.8 0.298 152.34 13.7 0.000343280
7 125 3.92 68.8 0.065 146.76 20.2 0.000102784
8 68 2.65 714 0.151 98.74 20.0 0.000661970
9 63 4.06 75.6 0.058 114.60 23.8 0.000402326

10 111 3.44 88.9 0.017 190.10 13.2 0.000034354
11 96 1.94 76.8 0.190 174.54 23.2 0.000707484
12 99 1.66 52.5 0.201 246.56 28.1 0.001023334
13 50 2.36 54.0 0.270 249.17 16.9 0.003942515
14 191 2.15 65.5 0.095 176.86 23.6 0.000139717
15 170 4.94 61.0 0.114 243.88 17.8 0.000122076
16 177 3.68 60.4 0.226 141.48 14.5 0.000102013
17 164 2.02 734 0.213 148.26 244 0.000353906
18 62 1.50 67.7 0.137 231.73 12.2 0.000822569
19 127 3.61 70.9 0.082 223.63 21.4 0.000141180
20 77 4.31 48.9 0.277 226.11 19.6 0.001376579
21 86 3.33 59.2 0.163 196.05 13.4 0.000543182
22 154 1.90 58.4 0.205 184.35 21.9 0.000339338
23 114 4.40 74.6 0.126 88.62 21.2 0.000181821
24 118 3.83 69.4 0.143 102.84 27.4 0.000374215
25 59 4.17 80.8 0.036 158.09 26.1 0.000341969
26 158 1.80 45.6 0.220 187.36 29.8 0.000710249
27 117 4.44 87.2 0.059 235.53 26.4 0.000151394
28 54 1.79 88.1 0.090 154.15 25.6 0.001483421
29 189 2.73 51.5 0.157 113.28 27.0 0.000237895
30 172 3.01 57.4 0.257 91.64 21.7 0.000267457
31 198 3.02 59.6 0.023 137.31 20.5 0.000016030
32 174 2.31 48.2 0.212 117.01 27.8 0.000334958
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Table 6. Cont.

. E
Sample_ID D (mm) R/D (-) 0 (deg) my (kg/S) dp (um) v (m/s) (kg/(nI:;S))
33 142 291 65.1 0.173 228.47 18.9 0.000337073
34 197 2.88 474 0.194 126.75 26.4 0.000194804
35 185 411 85.4 0.099 102.32 14.8 0.000030042
36 83 3.16 78.6 0.045 199.81 28.3 0.000237101
37 57 4.99 46.6 0.076 181.15 17.3 0.000650203
38 143 2.67 80.0 0.180 213.10 25.3 0.000365452
39 138 3.13 76.4 0.177 128.26 16.6 0.000268749
40 90 4.49 84.4 0.166 96.95 15.9 0.000327629
41 178 4.25 53.1 0.288 120.78 13.8 0.000143159
42 156 241 82.2 0.134 191.49 26.7 0.000246810
43 121 4.81 86.8 0.282 106.02 144 0.000366127
44 105 2.57 83.1 0.011 81.95 18.6 0.000016129
45 180 3.24 72.5 0.232 133.51 18.3 0.000216204
46 152 2.25 86.2 0.254 202.74 25.1 0.000487294
47 187 4.56 54.1 0.040 170.54 194 0.000032768
48 147 3.29 64.1 0.148 218.69 23.0 0.000241703
49 134 3.89 83.4 0.053 162.38 15.6 0.000071533
50 135 2.03 78.8 0.025 196.79 124 0.000033839
51 166 2.13 73.8 0.070 205.07 12.8 0.000051204
52 162 1.58 89.8 0.033 166.48 22.4 0.000052848
53 74 4.63 55.2 0.274 161.09 22.6 0.001425215
54 72 244 77.3 0.264 135.74 15.1 0.001196203
55 93 3.74 55.6 0.186 208.54 242 0.000621809
56 106 4.70 61.7 0.117 110.79 18.7 0.000215292
57 67 3.38 50.2 0.233 221.28 174 0.001444117
58 88 3.97 45.9 0.243 170.82 29.6 0.001108505
59 194 3.54 70.0 0.087 239.90 16.0 0.000070277
60 129 421 81.2 0.248 237.27 28.9 0.000502474

2.3.2. Parameter-Space Coverage and Sample-Size Rationale

To further verify the representativeness of the 60 LHS-CFD samples, the coverage of
the sampled parameter space was analyzed from two aspects: the distribution range of
each input variable and the statistical contribution of each factor to the erosion response. As
shown in Table 7, the sampled values of the six input variables were distributed over nearly
the entire predefined engineering range. Specifically, the sampled pipe inner diameter, (D),
ranged from 50 to 198 mm, the curvature ratio, (R/D), ranged from 1.50 to 4.99, the bend
angle, (9), ranged from 45.6° to 89.8°, the particle mass flow rate, (171,), ranged from 0.011
to 0.298 kg/s, the particle diameter, (dp), ranged from 81.95 to 249.17 um, and the particle
velocity, (v), ranged from 12.2 to 29.8 m/s. These ranges are close to the lower and upper
bounds listed in Table 1, indicating that the LHS design provided broad coverage of the
six-dimensional parameter space under a limited number of CFD simulations.

Table 7. Coverage of the LHS-CFD samples within the predefined parameter space.

Input Variable Symbol Predefined Range Sampled Range Unit
Pipe inner diameter D 50-200 50-198 mm
Curvature ratio R/D 1.5-5.0 1.50-4.99 —
Bend angle 0 45-90 45.6-89.8 °
Particle mass flow rate 1, 0.01-0.30 0.011-0.298 kg/s
Particle diameter dy 80-250 81.95-249.17 um
Particle velocity v 12-30 12.2-29.8 m/s
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In addition, an ANOVA-based sensitivity analysis was conducted using the logarith-
mically transformed maximum erosion rate as the response variable, which is consistent
with the output preprocessing strategy used in this study. A first-order regression model
containing the six input variables was used for the ANOVA screening. The model achieved
an R? value of 0.9063, indicating that the six selected variables could explain most of the
variation in the logarithmic erosion response. The corresponding ANOVA results are listed
in Table 8.

Table 8. ANOVA results for the logarithmically transformed maximum erosion rate.

Factor Sum of Squares F-Value p-Value Contribution
D 5.5422 194.57 223 x 107 43.88%

Tty 4.2964 150.84 396 x 1077 34.02%

v 0.7721 27.11 320 x 107° 6.11%

dp 0.2028 7.12 1.01 x 1072 1.61%

R/D 0.1921 6.75 1.21 x 1072 1.52%

6 0.1144 4.02 5.02 x 1072 0.91%
Residual 1.5096 — — 11.95%

The ANOVA results show that (D) and (1) are the two dominant factors affecting
the maximum erosion rate, with contribution ratios of 43.88% and 34.02%, respectively.
Particle velocity, (v), also has a significant influence, with a contribution ratio of 6.11%. By
comparison, (d,), (R/D), and (6) show smaller but still observable effects on the erosion
response. These results are physically reasonable: under a given particle mass flow rate, a
smaller pipe diameter tends to increase the particle concentration and local impact intensity,
while a higher particle mass flow rate and particle velocity directly increase the momentum
input and impact energy of particles. The residual contribution of 11.95% indicates that
nonlinear effects and interactions among the variables still exist, which further supports
the use of the MI-UK-GPR surrogate model rather than a purely linear regression model.

The choice of 60 CFD samples was therefore based on a balance among the dimension-
ality of the input space, the computational cost of high-fidelity CFD-DPM simulations, and
the need for adequate coverage of the engineering parameter ranges. For a six-dimensional
parameter space, a full-factorial design would require a much larger number of simula-
tions and would be computationally prohibitive. In contrast, the LHS strategy allows
each variable range to be stratified and sampled efficiently, thereby improving the space-
filling property under a limited sample size. Moreover, leave-one-out cross-validation
was adopted in the subsequent model evaluation to make full use of the small-sample
dataset. Therefore, the 60-sample LHS-CFD database provides a reasonable compromise
between computational feasibility and parameter-space representativeness for the present
surrogate-modeling task.

2.3.3. Input and Output Preprocessing

Since the six input variables differ substantially in both physical units and numerical
magnitude, min-max normalization is applied to the input variables in this study to avoid
the adverse effects of inconsistent scales on model training. For any input variable x;, its
normalized form is given by Equation (15).

* Xj = Xj,min

X =" 5—1,2,...,6 (15)

) Xj,max — Xj,min
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where Xj ;i and X; qx denote the minimum and maximum values of the j-th input variable
in the training samples, respectively. After this transformation, each input variable is
mapped to the interval [0, 1].

For the output variable E,;;y, considering that the erosion rate is strictly positive and
typically exhibits pronounced nonlinear scaling behavior with respect to velocity, particle
size, and mass flow rate, a logarithmic transformation is adopted in the modeling process,
as given in Equation (16).

y= ln(Emax) (16)

This transformation, on the one hand, compresses the range of output values and
thereby reduces the influence of high-value samples on training stability; on the other hand,
it helps prevent the model from producing nonphysical negative predictions in the original
space. All subsequent surrogate models are trained and evaluated in the log-transformed
output space, and the final results are mapped back to the original physical space through
an exponential transformation.

After sample construction and preprocessing, the next step is to develop a surrogate
model capable of simultaneously capturing the global pattern of erosion response and local
nonlinear deviations. To this end, this study incorporates a mechanistic trend term into
the Gaussian process regression (GPR) framework to construct an MI-UK-GPR model for
predicting the maximum erosion rate of cold hydrogenation elbows.

2.4. Development of the MI-UK-GPR

Unlike purely black-box surrogate models, the MI-UK-GPR achieves a balance be-
tween physical interpretability and predictive accuracy under small-sample conditions
by incorporating a mechanism-inspired trend term into the mean structure and using
a Gaussian process to model the remaining complex nonlinear deviations. This section
describes the model from five perspectives: overall structure, mechanism-inspired trend
term, Gaussian process residual term, parameter estimation, and prediction output. All MI-
UK-GPR modeling, parameter estimation, leave-one-out cross-validation, and prediction
procedures were implemented in MATLAB R2024a.

2.4.1. Overall Model Structure

In surrogate modeling for computer simulations, Kriging/Gaussian process re-
gression (GPR) exhibits strong capabilities in small-sample fitting and uncertainty
quantification [28,29]. To address the trend drift and unstable extrapolation commonly
encountered in purely data-driven models under small-sample conditions, this study devel-
ops a mechanism-informed universal Kriging—Gaussian process regression (MI-UK-GPR)
model, in which the output response is decomposed into the sum of a mechanistic trend
term and a Gaussian process residual term, as expressed in Equation (17).

y(x) = m(x) + f(x) (17)

where m(x) represents the interpretable trend structure, which is used to encode the overall
direction of variation in the erosion peak with respect to different input factors, whereas f(x)
denotes a zero-mean Gaussian process used to characterize the complex nonlinear residual
component not captured by the trend term. To preserve the physical interpretability of the
mechanistic trend term, m(x) is constructed on the basis of the original physical variables,
whereas min—-max normalization is applied only to the inputs of the kernel function and
to the numerical optimization procedure. This structure balances physical insight with
nonparametric flexibility and is therefore well suited to the present small-sample surrogate
modeling task. The architecture of the MI-UK-GPR model is shown in Figure 6.
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Figure 6. Schematic diagram of the MI-UK-GPR model structure.

2.4.2. Mechanistic Trend Term m(x)

The mechanistic trend term is not intended to provide a highly accurate approximation
of local details; rather, it is designed to stably capture the direction of macroscopic variation.
From the perspective of the erosion mechanism, velocity v, particle diameter dj,, and
particle mass flux 1, are the primary factors governing particle momentum input and
impact energy, whereas the geometric parameters D, R/D, and 6 affect the erosion peak by
modifying the degree of particle deflection, the distribution of impingement angles, and
the focusing effect on the outer-curvature side. Therefore, this study adopts the following
low-order trend form in logarithmic space, as given in Equation (18).

m(x) = Bo + B1Inv + Bolnd, 4 Bslniz, + B4In D + BsIn(R/D) + Beb; (18)

Here, 6, = 071/180 denotes the bend angle in radians, and 3y ~ (34 are the parameters
to be estimated.

2.4.3. Gaussian Process Residual Term f(x)
The residual term is modeled as a zero-mean Gaussian process, as expressed in
Equation (19).
f(x) ~ GP(0,k(x,x)) (19)

The Matérn 5/2 kernel is adopted, and its automatic relevance determination (ARD)
form is given in Equation (20).

k(x,X) = o? <1 +V5r + grz) exp(—\/gr), r= (20)

where o7 is the signal variance, and éjz is the characteristic correlation length scale associated
with the j-th input dimension. In addition, to improve numerical stability and account for
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CFD discretization errors or iterative noise, a nugget term, O‘%, is added to the diagonal of
the covariance matrix, as given in Equation (21).

K = K + 021 (21)

Here, K¢ denotes the covariance matrix constructed from the kernel function, and I is
the identity matrix. This treatment prevents the kernel matrix from becoming singular and
improves the robustness of model training under small-sample conditions.

2.4.4. Parameter Estimation

The parameters to be estimated in the MI-UK-GPR model include the trend coefficients,
02,01,...,0,03. In this study, parameter training is performed by maximizing the log
marginal likelihood [29]. Let the output vector of the training set be y, and let the trend
design matrix be H. Then, the model satisfies Equation (22):

y ~ N(HB,K) (22)
The corresponding negative log marginal likelihood can be written as Equation (23):

£= 3y —HB)TK"(y ~ HB) + yIn[K| + ~In(2n) 23)

NI~

where N is the number of samples. By minimizing £, the trend coefficients and kernel
hyperparameters are estimated simultaneously, thereby yielding the optimal mean and
covariance structures. Since the input variables have been normalized, the ARD length
scales can more directly reflect the sensitivity of the response to variations in different input
factors.

2.4.5. Prediction Output

For any new operating condition x,, the MI-UK-GPR model can provide both point
predictions and uncertainty estimates simultaneously. Its posterior mean and posterior
variance are given in Equations (24) and (25), respectively.

k(x:) = m(x:) + k[ K™ (y — HB) (24)

s2(x4) = K(xs,x5) — k] Kk, +u' (H'K"'H) " lu (25)

where k, denotes the covariance vector between the test point and the training samples,
and u = h(x.) — H' K 'k,. In the original physical space, the predicted maximum erosion
rate can be written as Equation (26):

Emax = exp(i(x«)) (26)

The corresponding 95% prediction interval is given by Equation (27)

[exp(k(xx) — 1.965(xx)), exp (1(xx) +1.965(x+))] (27)

Therefore, the MI-UK-GPR model provides not only point estimates but also predic-
tion uncertainty, thereby offering additional support for subsequent rapid multi-scenario
assessment, parameter screening, and reliability evaluation of the prediction results.

It should be emphasized that the MI-UK-GPR model developed in this study was
used for interpolation within the predefined parameter space rather than for extrapolation
beyond the sampled domain. Specifically, the applicable ranges of the input variables were
limited to those listed in Table 1. Therefore, all new operating conditions predicted in
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this work were constrained within the above parameter ranges. Predictions outside these
ranges were not considered in the present study, because extrapolation may reduce the
reliability of the surrogate model. If the model is to be applied to operating conditions
beyond the current parameter space, additional CFD samples should be generated and
incorporated into the training database to update the surrogate model.

3. Results and Discussion

3.1. Erosion Characteristics of the Reference Elbow

3.1.1. Spatial Distribution Characteristics of Erosion in the Reference Elbow

Based on the erosion-rate contour of the inner wall predicted by the Oka model
(Figure 7), the erosion pattern exhibits pronounced spatial non-uniformity, with the primary
erosion zone concentrated mainly in the middle and downstream portions of the outer-
curvature side of the elbow. The peak erosion is concentrated in the mid-to-downstream
outer-curvature region of the elbow, indicating that particle impingement is strongly
focused on the outer-curvature wall. The high-erosion region extends circumferentially
in a band-like form and exhibits a certain V-shaped spreading characteristic, whereas the
erosion level on the inner-curvature side is markedly lower. Under the reference operating
conditions considered in this study, the erosion intensity within the primary erosion zone
is generally on the order of 10~#, suggesting that the middle and downstream regions of
the outer-curvature side of the elbow are susceptible to localized wall thinning and should
therefore be prioritized in condition monitoring and integrity assessment.

contour-1
DPM Erosion Rate (Oka)
1.50x104

1.35x10-*
1.20x10-*
1.05x104
9.00%x10->
7.50%x10-°
6.00x10->
4.50x10-3
3.00x10°3
1.50%x10-3

Figure 7. Erosion-rate contour on the inner wall of the elbow.

3.1.2. Erosion Response Characteristics Along the Axial Angle of the Elbow

To quantitatively characterize the angular distribution of erosion in the elbow and to
avoid the possible numerical sensitivity associated with a single-cell maximum value, the
erosion response along the axial angle was evaluated using the local area-averaged erosion
rate within each angular interval. Specifically, the elbow wall was divided into several
axial-angle intervals with an interval width of 10°, and the erosion rate was averaged over
the wall surface area belonging to each interval. The local area-averaged erosion rate can
be calculated using Equation (28).

— 1
Ep. = — E(s)dA 2
* T Ay /Aq)i (s) (28)
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where Ed,i is the local area-averaged erosion rate in the (i)-th axial-angle interval, A, is
the corresponding wall surface area, and E(s) is the local erosion rate at wall position (s).
Therefore, the erosion peak in the 40-50° interval discussed in this section was determined
based on the local area-averaged erosion rate rather than a single-point maximum erosion
rate. This treatment provides a more stable representation of the erosion distribution
along the elbow angle and reduces the influence of local mesh-scale fluctuations on the
identification of the primary erosion region.

The results are presented in Figure 8. It can be seen that the local area-averaged
erosion rate generally increases first and then decreases with increasing elbow angle. The
highest local area-averaged erosion rate occurs in the 40-50° interval, with a value of
1.002083 x 10~* kg:m~2-s~!. By contrast, the corresponding value in the 0-10° interval
near the inlet is only 1.353050 x 10~° kg-:m~2-s~!, whereas that in the 80-90° interval near
the outlet further decreases to 3.725909 x 10~° kg-m~2-s~1. These results indicate that the
most severe erosion does not occur immediately after particles enter the elbow, but instead
develops into a localized intensified region in the middle and downstream portions of the
bend under the combined effects of flow deflection and particle migration.
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Figure 8. Distribution of local area-averaged erosion rate along the axial angle of the elbow.

It should be noted that E;;;x was used as the target response variable for mesh-
independence verification and surrogate-model training, because the maximum wall ero-
sion rate is directly relevant to conservative safety assessment. However, the angular
location of the primary erosion region in Figure 8 was identified using the local area-
averaged erosion rate over each axial-angle interval. Thus, E;; and E‘bi serve different
purposes: the former represents the most severe local erosion intensity for prediction and
safety evaluation, whereas the latter is used to describe the spatial distribution and angular
evolution of erosion along the elbow. The location of the 40-50° high-erosion interval is
also consistent with the continuous high-erosion band observed in the erosion-rate con-
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tour, further supporting the rationality of using the local area-averaged erosion rate for
identifying the primary erosion zone.

3.1.3. Particle Motion Behavior and Hotspot Formation Mechanism

Figure 9 illustrates the particle trajectories and velocity distribution within the elbow.
It can be seen that, in the inlet straight section, particles generally migrate along the main
flow direction and exhibit a relatively concentrated trajectory distribution. After entering
the elbow, however, the particle trajectories begin to deviate markedly, indicating that,
because of inertial effects, the particles cannot fully follow the continuous turning motion
of the carrier phase. In the transition region of the elbow and the initial section of the
outlet, the particle trajectory bundle undergoes significant redistribution, while a large
number of high-velocity particles are still present, suggesting that the particles retain strong
momentum transport capacity within the elbow. Combined with the above erosion contour
and the distribution of local average erosion rate along the elbow angle, these results
indicate that the deflected migration and high-momentum transport of particles in the
middle and downstream sections of the elbow constitute the key dynamic mechanisms
responsible for the intensified local erosion on the outer-curvature side.

particle-tracks-1
Velocity Magnitude
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412 x 10!
3.66 x 10!
F 3.20x 10!
F 2.74x 10!
- 2.29 x 10!

- 1.83x 10!
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1l

0.00 x 109 | \
H

flow direction

Figure 9. Particle trajectories and velocity distribution within the elbow.

3.2. Predictive Performance and Comparative Analysis of MI-UK-GPR Model

To comprehensively evaluate the overall performance of the proposed model, this
study conducts a unified comparison of the MI-UK-GPR model with RSM, SVR, and
ordinary GPR under the same dataset, input—output definitions, and validation protocol.
Since the proposed method is designed to achieve both high predictive accuracy under
small-sample conditions and efficient post-training evaluation, this section analyzes the

https:/ /doi.org/10.3390/lubricants14070254


https://doi.org/10.3390/lubricants14070254

Lubricants 2026, 14, 254

22 of 31

results from two perspectives: LOOCV-based performance comparison and computational
efficiency under multiple scenarios [30].

3.2.1. Comparison of Models and Validation Protocols

To systematically evaluate the effectiveness of the proposed MI-UK-GPR model in
predicting the maximum erosion rate of elbows, a comparative study was conducted
against the quadratic response surface model (RSM), support vector regression (SVR), and
ordinary Gaussian process regression (ordinary GPR) using the same 60 LHS-CFD samples,
identical input variables (D, R/D, 6, m,,, dp, and v), the same output target (E;uqx), and a
unified leave-one-out cross-validation (LOOCYV) protocol [30]. All models were trained
in the In(E;qx) space, and the prediction results were subsequently mapped back to the
original physical space to calculate the mean absolute error (MAE), root mean square error
(RMSE), mean absolute percentage error (MAPE), and coefficient of determination (R?).
For models capable of generating interval predictions, the 95% prediction interval coverage
probability (PICP) was also reported as a supplementary metric. In each LOOCYV fold,
the normalization parameters of the input variables were computed exclusively from the
training subset of that fold and then applied to the corresponding training and test samples.
Likewise, the hyperparameters of each surrogate model were determined only within
the training subset, so as to avoid information leakage and ensure the fairness of model
comparison. The LOOCYV results of the different surrogate models are presented in Table 9.

Table 9. Comparison of predictive performance of different surrogate models under LOOCV.

Model MAE RMSE MAPE (%) R? PICP (%)
RSM 157 x 1074 323 x 1074 28.32 0.7334 85.00
SVR 1.00 x 1074 237 x 1074 27.29 0.8564 88.33
Ordinary GPR 970 x 107> 190 x 10~* 22.00 0.9081 90.00
MI-UK-GPR 710 x 1075 129 x 104 14.53 0.9573 88.33

Note: All models predict E;;qx based on the same six input variables and are evaluated under the same LOOCV
protocol. All models are trained in the In(E;;.x) space, and MAE, RMSE, MAPE, and R? are calculated after the
final predictions are mapped back to the original physical space. The prediction interval of the SVR model is
approximated from the training residuals; therefore, its PICP is provided only as a supplementary reference
and should not be interpreted as fully equivalent to the probabilistic prediction intervals produced by GPR-
based models.

3.2.2. Comparison and Analysis of LOOCV Results

As shown in Table 9, the RSM exhibits the weakest predictive performance, with
an R? of only 0.7334 and a MAPE of 28.32%, indicating that the relationship between
the maximum erosion rate and the multi-factor input variables cannot be adequately
captured by a global low-order polynomial. After cross-validation-based hyperparameter
optimization, the SVR model improves the R? value to 0.8564 and reduces the MAPE to
27.29%, indicating that kernel-based methods possess stronger nonlinear fitting capability
than conventional response surface models. Ordinary GPR further achieves R? = 0.9081
and a MAPE of 22.00%, suggesting that the probabilistic kernel regression framework is
more suitable for the present problem under small-sample conditions. In contrast, the
MI-UK-GPR model delivers the best performance across all four core predictive metrics,
namely MAE, RMSE, MAPE, and R2, with corresponding values of 7.10 x 1075,1.29 x 1074,
14.53%, and 0.9573, respectively. Compared with ordinary GPR, MI-UK-GPR preserves the
flexible fitting capability of the Gaussian process while explicitly constraining the dominant
directions of variation in erosion peaks induced by velocity, particle size, particle mass
flux, and geometric factors through a mechanistic trend term. As a result, the Gaussian
process residual component can focus more effectively on learning the remaining complex
nonlinear patterns, thereby further improving the overall predictive accuracy.
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In terms of interval coverage, the PICP values of SVR, ordinary GPR, and MI-UK-GPR
are 88.33%, 90.00%, and 88.33%, respectively. Although MI-UK-GPR does not achieve the
highest PICP, it should be noted that the prediction interval of SVR is an empirical interval
constructed from training residuals and therefore does not have strict probabilistic meaning.
Consequently, its coverage should not be regarded as fully equivalent to that of GPR-
based models. Considering point prediction accuracy, fitting consistency, and structural
interpretability together, MI-UK-GPR shows the most favorable overall performance among
the surrogate models examined in this study.

To further compare the models, Figures 10-14 present the parity plots, relative er-
ror distributions, prediction intervals, sample-level prediction results, and metric bar
charts, respectively.

Figure 10 presents the parity plots of RSM, SVR, ordinary GPR, and MI-UK-GPR, in
which the dashed line represents the ideal prediction condition, y = x. It can be seen that the
scatter points of the RSM deviate most markedly from the reference line, indicating its lim-
ited ability to capture complex nonlinear relationships. Although the scatter distributions
of SVR and ordinary GPR show a certain degree of convergence toward the reference line,
noticeable deviations still remain in the high-value tail region. By contrast, the data points
of MI-UK-GPR are generally more concentrated around the reference line, indicating that
this model achieves higher fitting consistency under the current small-sample conditions.

LOOCY parity plot comparison
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Figure 10. Comparison of parity plots for different surrogate models under LOOCV.

Figure 11 shows the distribution of relative errors across samples for different surro-
gate models. The RSM exhibits the widest error fluctuation range, indicating its limited
adaptability to complex local responses and high-value samples. SVR and ordinary GPR
reduce the error fluctuation to some extent, but pronounced error peaks still appear in a
few high-erosion tail samples. By contrast, the relative errors of MI-UK-GPR are gener-
ally lower, and the error amplitude is effectively suppressed in both the low-to-medium
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and medium-to-high value ranges, indicating that the mechanistic trend term contributes
positively to the overall stability of prediction.

LOOCY relative error comparison
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Figure 11. Comparison of sample-level relative errors for different surrogate models under LOOCV
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Figure 12. Comparison of prediction intervals for different surrogate models under LOOCV conditions.
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Figure 12 presents the sample-level prediction intervals and the corresponding dis-
tributions of true values for different surrogate models. For GPR-based models, the gray
band represents the 95% prediction interval. For SVR, the interval is approximated from the
training residuals and is provided for comparative purposes only. Overall, the RSM interval
exhibits weaker coverage of the true values. The PICP values of SVR and MI-UK-GPR
are both 88.33%, indicating similar interval coverage performance, whereas the PICP of
ordinary GPR reaches 90.00%, which is the highest among the four models. Meanwhile,
MI-UK-GPR performs best in terms of point prediction accuracy, although its 95% pre-
diction interval still exhibits some undercoverage, indicating that uncertainty calibration
remains to be improved under the current condition of 60 small-sample groups. It should
be noted that the interval construction methods differ among models; therefore, the interval
coverage shown in the figure is intended primarily for auxiliary analysis and should not be
used for strict direct comparison.

Figure 13 presents the sample-wise prediction results for the 60-sample dataset under
LOOCYV, where the black line represents the true E,;;y obtained from the CFD simulations,
and the other curves correspond to the predictions of RSM, SVR, ordinary GPR, and MI-
UK-GPR, respectively. The sample numbers on the x-axis indicate only sample indices
and do not represent a continuous evolution sequence of the physical process. Overall, the
RSM shows the largest deviation in the medium-to-high-value range. SVR and ordinary
GPR track the overall trend relatively well, but still exhibit noticeable dispersion around
some high-value samples. By contrast, the MI-UK-GPR prediction curve is closer to the
true values, indicating that this model achieves a better balance between preserving the
global trend and capturing local peaks.

== (CFD - RSM -¢--SVR - Ordinary GPR =¥~ MI-UK-GPR

LOOCY sample-wise prediction comparison
T T T T T

5 20 25 W 35 40 a5 50 55 60
Sample ID

Figure 13. Comparison of sample-level prediction results of different surrogate models under LOOCV.

Figure 14 compares the performance of different surrogate models in terms of four core
metrics, namely MAE, RMSE, MAPE, and R2. The RSM performs worst across all metrics,
indicating that the traditional quadratic response surface is unable to satisfy the accuracy
requirements of the present study. The results of SVR and ordinary GPR are markedly
better than those of the RSM, suggesting that kernel-based methods are more suitable for
the current small-sample nonlinear regression task. Among all the models, MI-UK-GPR
achieves the best results in terms of MAE, RMSE, MAPE, and R?, demonstrating its superior
overall performance in point prediction accuracy.
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Figure 14. Comparison of performance metrics of different surrogate models under LOOCV.

A combined examination of Figures 10-14 shows that MI-UK-GPR achieves the best
balance between global trend preservation and local peak capture. However, a few high-
erosion tail samples are still underestimated, mainly because the current sample size is
limited to 60 and strict LOOCYV leaves too few similar high-value neighbors in the training
set. This suggests that future improvements should focus on enhancing the coverage of
extreme operating conditions and refining interval calibration.

3.3. Comparison with Existing Engineering Erosion Models

To further clarify the applicability of the proposed method relative to existing engi-
neering erosion models, DNV-RP-O501, the Tulsa model, RSM, SVR, ordinary GPR, and
the proposed MI-UK-GPR model were compared from the perspectives of model type,
prediction output, and main features or limitations. The comparison is summarized in
Table 10.

As shown in Table 10, DNV-RP-O501 and the Tulsa model provide useful engineer-
ing references for rapid erosion assessment in pipelines and fittings. However, they are
mainly empirical or semi-empirical and usually require material- and condition-dependent
parameters. In contrast, the proposed MI-UK-GPR model was trained using CFD-DPM
erosion responses generated within the cold hydrogenation parameter space considered in
this study. Therefore, it can provide rapid point predictions and prediction intervals for the
localized maximum erosion rate within the predefined parameter domain.

It should be noted that the comparison in Table 10 focuses on model characteristics
and applicability rather than a direct numerical benchmark of DNV-RP-O501 or the Tulsa
model. This is because the present study aims to construct a CFD-informed surrogate
model for cold hydrogenation elbows, and the calibrated empirical parameters required
for directly applying these engineering models to the hydrogen-silicon-powder material
system are not fully available.
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Table 10. Comparison between existing erosion-prediction approaches and the proposed MI-UK-
GPR model.

Model Model Type Output Main Feature and Limitation
Erosion-risk or Fast screening method, but limited for
DNV-RP-O501 Empirical engineering method localized erosion in cold

rosion-rate estimat .
erosio ces € hydrogenation elbows

Tulsa model

Semi-empirical erosion model
for elbows and tees condition-dependent calibration

. . Classical reference model, but requires
Erosion-rate estimate

RSM

Polynomial surrogate model Point prediction of E;x

Interpretable, but weak for strong
nonlinear responses

SVR

Data-driven machine-learning
surrogate model

Nonlinear fitting capability, but no

Point predicti fE . .
Ot Preciction ot Smax direct uncertainty output

Ordinary GPR

Probabilistic surrogate model

Point prediction Provides uncertainty, but lacks an
and interval explicit mechanism trend

MI-UK-GPR

Mechanism-informed Point prediction and
probabilistic surrogate model interval of E;;x

Combines mechanism trend and
residual modeling for small-sample
rapid prediction

3.4. Comparative Analysis of Computational Efficiency

In addition to predictive accuracy, the computational efficiency of the proposed model
under multiple operating conditions is also a key indicator of its engineering value. To
further demonstrate this advantage, this study compares the computational efficiency of
automated batch CFD simulations with that of batch prediction using the trained MI-UK-
GPR model within a parameterized framework. In this study, “rapid prediction” refers to
the post-training evaluation of new operating conditions using the trained surrogate model
rather than to the initial CFD sample generation and model training stages. To ensure
a fair comparison, 50 independent operating conditions not included in the training set
were selected as a unified test set. For CFD, computational time is defined as the total time
required to complete all simulations and extract the corresponding E;;x values after batch
execution is initiated on the parameterization platform. For MI-UK-GPR, computational
time is defined as the total time required for the trained model to output the corresponding
Enax predictions for the same 50 operating conditions. On this basis, a computational
efficiency comparison was conducted between parameterized batch CFD simulations and
batch prediction using the trained MI-UK-GPR model. The results are presented in Table 11.

Table 11. Comparison of computational efficiency between parameterized CFD and MI-UK-GPR for
50 independent operating conditions.

Number
of Cases

CFD Total MI-UK-GPR Average CFD Average MI-UK-GPR

Total Time/s Time/s Time/s Speedup

50

0.004860 101.67 9.72 x 107° 1.05 x 10°

The results show that the total runtime of the parameterized CFD analysis for the
50 operating conditions was 5083.51 s, with an average of 101.67 s per condition. By contrast,
the total runtime for batch prediction of the same 50 operating conditions using the trained
MI-UK-GPR model was only 0.004860 s, corresponding to an average prediction time of
9.72 x 1072 s and a speed-up ratio of approximately 1.05 x 10°. These results indicate
that, even when geometric modeling, meshing, and the solution procedure have all been
parameterized and can be executed automatically in batch mode, the surrogate model
still exhibits substantially higher computational efficiency in evaluating new operating
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conditions. This advantage arises because high-fidelity CFD methods still require flow-
field solution, particle trajectory computation, and post-processing of wall erosion for
each operating condition, whereas the MI-UK-GPR model, once trained, only requires
the operating-condition parameters as input to directly provide the predicted maximum
erosion rate. Therefore, compared with repeatedly performing high-fidelity numerical
simulations, the proposed method is better suited for rapid evaluation under multiple
operating conditions, parameter screening, and the identification of relatively high-erosion
conditions in cold hydrogenation elbows.

Overall, the trained MI-UK-GPR model retains the accuracy advantage required for
small-sample prediction while markedly reducing the marginal cost of evaluating new
operating conditions. Therefore, compared with repeated high-fidelity CFD simulations,
it is more suitable for rapid multi-condition evaluation and parameter screening of cold
hydrogenation elbows.

4. Conclusions and Future Work
4.1. Conclusions

This study proposes an MI-UK-GPR-based model for rapid prediction of the maximum
erosion rate of cold hydrogenation elbows under multiple operating conditions. The main
conclusions are summarized as follows.

(1) A CFD model for erosion in elbows under gas—solid two-phase flow was established.
Through mesh independence analysis and comparison with published literature, the
model was verified to effectively characterize the spatial distribution pattern and peak-
response characteristics of the primary erosion zone on the outer-curvature side of the
elbow, thereby providing a reliable numerical basis for subsequent sample generation.

(2) A set of multi-parameter operating conditions was generated using Latin hypercube
sampling, and the maximum erosion rate, E;;;x, was obtained through CFD sim-
ulations to establish the LHS-CFD sample database. During sample construction,
parameter-space coverage and computational cost were balanced, thereby providing
effective data support for surrogate modeling under small-sample conditions.

(3) An MI-UK-GPR model consisting of a mechanistic trend term and a Gaussian pro-
cess residual term was developed. The trend term, constructed from physical vari-
ables, describes the global variation pattern of the erosion response, whereas the
residual term captures local nonlinear deviations. The results show that this model
effectively balances predictive accuracy and physical interpretability under small-
sample conditions.

(4) Under the unified LOOCV framework, the proposed MI-UK-GPR model achieved
the best overall prediction performance among the compared surrogate models. Its
MAE, RMSE, MAPE, and R? were 7.10 x 107>, 1.29 x 104, 14.53%, and 0.9573,
respectively, and the corresponding PICP was 88.33%. Compared with RSM, SVR,
and ordinary GPR, the proposed model showed lower prediction errors and bet-
ter overall fitting accuracy, indicating that the mechanism-inspired trend term and
Gaussian-process residual modeling can improve prediction performance under small-
sample conditions.

(5) A computational efficiency comparison based on 50 independent operating condi-
tions within a parameterized framework showed that the total runtime of batch
parameterized CFD simulations was 5083.51 s, whereas the total runtime of batch
prediction for the same operating conditions using the trained MI-UK-GPR model
was only 0.004860 s, corresponding to a speed-up ratio of approximately 1.05 x 10°.
This confirms that the computational advantage of the proposed method is realized
primarily in the post-training evaluation of new operating conditions. Compared with

https:/ /doi.org/10.3390/lubricants14070254


https://doi.org/10.3390/lubricants14070254

Lubricants 2026, 14, 254

29 of 31

repeatedly performing high-fidelity numerical simulations, the proposed method
can substantially reduce the marginal computational cost of multi-condition analy-
sis and is therefore better suited for rapid evaluation, parameter screening, and the
identification of relatively high-erosion conditions in cold hydrogenation elbows.

It should be noted that the surrogate model proposed in this study is trained on
responses generated by a validated CFD model. Therefore, its predictive capability should
be understood as an efficient approximation of high-fidelity numerical results rather than
direct experimental calibration of absolute erosion rates under field conditions. Accordingly,
the model is more suitable for rapid multi-condition evaluation and parameter screening in
engineering applications.

4.2. Future Work

(1) Incorporation of experimental or industrial monitoring data for model calibration and
cross-domain validation

The training labels of the surrogate model developed in this study are derived from
a validated CFD model, and its predictive capability is mainly reflected in the efficient
approximation of high-fidelity numerical responses. In future work, online monitoring
data or experimental measurements from cold hydrogenation units could be incorpo-
rated to perform bias correction and output recalibration, thereby improving the quan-
titative predictive capability and generalization performance of the model in practical
engineering applications.
(2) Consideration of unsteady operating conditions and temporal evolution characteristics

This study establishes an erosion prediction model under steady-state operating con-
ditions, whereas actual cold hydrogenation processes may involve operating fluctuations
and transient variations. In future work, time-series-based surrogate models could be de-
veloped on the basis of unsteady CFD simulations to investigate the dynamic evolution of
erosion rates, thereby extending the scope of the present framework from static prediction
to dynamic assessment.
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