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Abstract

With the growing requirements for multi-particle process simulation, improving compu-
tational accuracy, efficiency, and scalability has become a critical challenge. This study
generally focused on comprehensive analyses of existing numerical methods for simu-
lating particle–substrate interactions in gas–thermal spraying (including gas–dynamic
spraying processes), covering both single-particle and multi-particle models to develop
practical recommendations for the optimization of modern coating spraying processes.
First of all, this paper systematically analyzes the key limitations of current approaches,
including their inability to handle high deformations effectively or high computational
complexity and their insufficient accuracy in dynamic scenarios. A comparative evaluation
of four numerical methods (Lagrangian, Arbitrary Lagrangian–Eulerian (ALE), Coupled
Eulerian–Lagrangian (CEL), and Smoothed Particle Hydrodynamics (SPH)) revealed their
strengths and weaknesses in modeling of real gas–thermal spraying processes. Furthermore,
this study identifies the limitations of the widely used Johnson–Cook (JC) constitutive
model under extreme conditions. The authors considered the Zerilli–Armstrong (ZA),
Mechanical Threshold Stress (MTS), and Preston–Tonks–Wallace (PTW) models as more
realistic alternatives to the Jonson–Cook model. Finally, comparative analyses of theo-
retical and realistic deformation and defect-generation processes in gas–thermal coatings
emphasize the critical need for fundamental changes in the simulation strategy for modern
gas–thermal spraying processes.

Keywords: particle impact simulation; spraying technology; protective coatings; Lagrangian;
ALE; CEL; SPH

1. Introduction
In modern coating spraying processes, numerical simulations of particle impact are

typically carried out using the finite element method, which simulates the plastic deforma-
tion, stress distribution, and temperature field distribution between particles and substrates
during particle impact using Finite Element Modeling (FEM)/Computational Fluid Dy-
namics (CFD)/Molecular Dynamics (MD) platforms such as Abaqus/Explicit, LS-DYNA,
COMSOL, ANSYS Fluent, and LAMMPS [1,2]. Modeling of gas–thermal spraying deposi-
tion processes is a challenging problem because it involves modeling of multiple-particle
contact, bonding and debonding processes, plastic deformation of a single particle, etc.
The traditional finite element method (FEM) can be successfully applied to the simulation
of high-speed impact processes. FEM provides a simulation by constructing a mesh model
that dynamically adapts to material deformation [3]. A smaller mesh size ensures more
accurate simulation results. Furthermore, this method provides a high calculation speed
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and can simulate all the changes in temperature and residual stress between the substrate
and particle interface [4,5]. However, due to high computational costs and complex model-
ing requirements to ensure accurate results, many studies have focused on single spherical
particle impact models [6,7].

Several numerical methods have been widely employed to simulate particle impacts in
gas–thermal spraying (including gas–dynamic spraying processes), including FEM-based
approaches such as Lagrangian, ALE, and CEL methods, as well as meshless methods
like SPH [8,9]. Each of these approaches has demonstrated unique strengths: Lagrangian
FEM provides computational efficiency for low to medium velocity impacts [10], ALE im-
proves numerical stability under severe deformation [11], CEL allows modeling of coupled
solid–fluid interactions [12], and SPH captures extreme plastic flow and jetting phenom-
ena [13]. However, all these methods also exhibit limitations. For instance, Lagrangian
FEM suffers from mesh distortion and SPH has a high computational cost, and none of
the methods systematically account for particle size distributions, temperature gradients,
or stochastic multi-particle deposition effects [14,15].

A major limitation of current research is the lack of a systematic, quantitative frame-
work for evaluating the applicability of these simulation methods. Most comparative
studies in the literature have been qualitative, focusing on descriptive differences rather
than on parameter-based performance metrics. Moreover, the majority of existing work
emphasizes single-particle impacts, whereas practical gas–thermal spraying processes (in-
cluding gas–dynamic spraying processes) involve complex multi-particle interactions that
significantly influence coating microstructure, porosity, and bonding. Without a consistent
evaluation framework, it is difficult to determine which method is most suitable under
specific processing conditions, and there is limited transferability of simulation results to
industrial applications.

This study systematically evaluates the applicability of existing simulation meth-
ods for gas–thermal spraying (including gas–dynamic spraying processes) under both
single- and multi-particle conditions. A quantitative framework is proposed that considers
key process parameters such as particle velocity, size distribution, surface temperature,
and particle–substrate property mismatch. By incorporating these factors into the analysis
of plastic deformation and bonding behavior, the framework enables a more reliable assess-
ment of model performance and supports the selection of suitable simulation approaches.

2. Single-Particle Simulation
Taking Abaqus/Explicit as an example, the influence of particles on the substrate can

be modeled using explicit finite element (FE) models and Lagrangian formulas. Particle
and substrate material property parameters typically include density, thermal conduc-
tivity, Poisson’s ratio, specific heat, shear modulus, JC parameters, etc. Among various
constitutive models for predicting material deformation behavior under high strain rates,
the JC model is one of the most widely used in cold-spray computational studies due to
its simple formulation and extensive availability of parameter data for various metallic
materials [16,17].

The Step Module is usually set to use either the Dynamic, Explicit or Dynamic, Explicit
step, and the step time is also set.

In the contact interaction module, the tangential friction coefficient between particles
and substrate is typically defined within a range of 0.2 to 0.5 [18,19]. For high-velocity
impact conditions, global deformation is less sensitive to the friction coefficient than to other
factors, such as impact velocity and material properties. Consequently, simulation results
demonstrate significant robustness against its variation, allowing the selection of a value
from the common range as a sufficient baseline for most studies [10]. This demonstrates
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that the friction coefficient is not a critical parameter for predicting global deformation in
high-velocity impact.

Furthermore, the maximum equivalent plastic strain (PEEQ) and temperature rise at
the interface exhibit minimal variations across these cases. This finding suggests that the
friction coefficient has a negligible influence on both the particle deformation patterns and
interfacial thermo-mechanical responses in such scenarios.

In the Load Module, it is necessary to constrain the degrees of freedom between
the particles and the substrate, and define the initial velocity, temperature, and substrate
temperature of the particles. In the mesh partitioning section, the ratio of mesh size to
substrate size is less than 1/50 to achieve a convergent result.

The Lagrangian method has some drawbacks, especially when the particle velocity is
high: it may cause severe deformation of the mesh, thereby making the calculation unable to
continue. In addition, when the particle velocity is less than the critical deposition velocity
of the substrate, the particles cannot bind to the substrate surface, resulting in insufficient
interaction with the substrate and causing rebound phenomenon. This phenomenon will
affect the accuracy and convergence of the model in areas of strong deformation.

These limitations of the Lagrangian method motivate the adoption of alternative
approaches, such as the Eulerian, ALE, and SPH methods. The ALE method, in particular,
overcomes the issue of mesh distortion by dynamically remeshing the computational grid
during the simulation, thereby allowing the calculation to continue stably even under
extreme deformations. For example, Li et al. [10] studied the particle deformation behavior
of Cu particles in cold spraying using the Ansys LS-DYNA program and the Lagrangian and
ALE methods. Under identical simulation settings, both the ALE and Lagrangian methods
produced consistent results when analyzing how impact velocities and compression ratios
affect particle deformation. Nevertheless, when applying the ALE method to model the
variations in the maximum effective plastic strain during the impact process at different
impact velocities (300–800 m/s), the curve of maximum effective plastic strain over time
appeared to be more gradual, whereas the curve calculated using the Lagrangian method
appeared to be more abrupt, as illustrated in Figure 1. This discrepancy may be attributed
to the deformation of the Lagrangian method unit mesh division.

 

Figure 1. Simulated temporal development of maximum effective plastic strain of particle material
under different particle velocities modeled by (a) the Lagrangian method and (b) the ALE method [10].

In the context of the Euler method, the mesh remains static and cannot adapt to
the changes in the shape of the object. This can make it less intuitive and less effective
compared to the Lagrange and ALE methods when dealing with solid objects and complex
deformation problems. Thus, Meng et al. [20] developed a 2D single-particle Euler FEA
(Finite Element Analysis) model to investigate the effects of mesh spacing, substrate size,
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material failure, initial temperature, particle velocity, and total simulation time on residual
stresses in the cold-spray process. They found that mesh spacing, substrate size, and initial
temperature strongly affect the distribution of residual stresses. For a Cu-particle–Cu-
substrate case with a particle diameter of 30 µm, the recommended settings are a mesh
spacing of 0.6 µm, a substrate domain of 2 mm × 2 mm, and a total simulation time of
200 ns. In addition, increasing the initial material temperature lowers the residual stress
through thermal softening, with the effect more pronounced at lower particle velocities.

In the SPH method, each physical component in the model (e.g., metallic particles)
is represented by SPH numerical particles. Field variables such as pressure and tempera-
ture are assigned to each SPH particle. As a result, the resolution of the model depends
on the size of the SPH particles. Due to the implementation of explicit time integration,
these field variables are updated at each time step, enabling the simulation of rapid dy-
namic problems involving substantial deformations, typical for gas–dynamic spraying
processes. Once the process of evolution starts, there is no need for a mesh to simulate the
problem. However, the initial distribution of particles is necessary to define the problem.
Gnanasekaran et al. [21] used the SPH method and established boundary conditions us-
ing Monaghan type 2 particles to study the impact of copper particles of different sizes
and angles. It was discovered that as the impact angle decreases, the highest tempera-
ture during contact actually rises, thereby increasing the likelihood of material melting.
Nevertheless, reducing the angle can result in a rebound between the particles and the
substrate, and particles that collide at an angle between 80◦ and 90◦ can effectively adhere
to the substrate.

Obviously, these four numerical analysis approaches exhibit significant differences in
their model configuration and simulation results, with the initial design of each method
contributing to these disparities. Thus, Xie et al. [22] systematically demonstrated these
distinctions through schematic representations of 2D axisymmetric models (applicable to
Lagrangian and CEL methods) alongside 3D configurations (suitable for SPH and CEL
approaches) (Figure 2).

 

Figure 2. Schematic representations of (a) the 2D axisymmetric model, (b) the 3D SPH model, and (c)
the 3D CEL model [22].

A comparative study by Oyinbo et al. [23] effectively highlights the distinct defor-
mation characteristics predicted by the four numerical methods under identical impact
conditions. The simulation involved a 10 µm spherical Cu particle impacting a cylindrical
Al substrate at an initial velocity of 500 m/s over a 60 ns duration. Their analysis of a single
Cu particle impacting an Al substrate revealed that the Lagrangian method captures pro-
nounced jetting but suffers from mesh distortion, while SPH shows deeper penetration with
minimal jetting. The ALE method produces a smooth jet profile by mitigating mesh issues,
and the CEL method, treating the particle in an Eulerian framework, yields a more uniform
strain distribution. This comparison underscores how the fundamental formulation of
each method dictates its representation of high-strain-rate phenomena. This comparison
clearly reveals that the choice of numerical method directly influences the predicted impact
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morphology and strain distribution. Consequently, the choice of numerical method is
a primary determinant of simulation outcome in impact modeling.

Therefore, single-particle simulation has become a fundamental and practical research
tool wildly used in gas–thermal spraying (including gas–dynamic spraying processes). It
effectively elucidates the core interaction mechanisms between particles and substrates
during spraying while striking a balance between computational cost and physical fidelity.
Nevertheless, this approach is inherently limited to idealized conditions and operates with
artificially isolated systems. It cannot account for phenomena characteristic of actual spray
deposition, such as inter-particle collisions, collective thermal effects, stochastic process
variations, or the progressive build-up of coatings. Therefore, a systematic comparison
of the numerical methods employed in such simulations is essential for their practical
applicability in the industrial sector.

Table 1 compiles representative case studies, compares the predictive outcomes of
each method under key parameters, and synthesizes their applicability and limitations.

Table 1. General analyses of simulation parameters for single-particle interaction: typical examples
of spraying processes.

Methods Particle and Substrate Experimental Parameters General Simulation Outcomes
and Limitations Ref.

ALE/SPH/CEL/
Lagrangian

method

Particle: Al; diameter:
25 µm; substrate: Al;
substrate size: 10 ×

particle radius
(CEL) Particle: Cu, Al;

diameter: 20 µm;
substrate: Al, Cu;

substrate size: 10 ×
particle radius

Impact velocity:
700–840 m/s

Temperature: 300 K

The study shows that the CEL
method performs stably in
simulating single-particle

cold-spray deposition, reliably
capturing key phenomena such as

high interfacial pressure and
high-strain jetting. It is considered
a reliable approach for simulating

such processes.

[22]

ALE

Particle: CrFeNi;
diameter: 20 µm;

substrate: Al,
a 1/4 cylinder with

a radius of 50 µm and
a height of 100 µm

Particle velocity: 100, 300,
500, 700 m/s

Particle and substrate
temperature: 298 K

This model indicates that a 2D
Lagrangian scheme serves as

a low-cost screening tool, while
a 3D Lagrangian model coupled
with damage and cohesive zone

modeling enables more quantitative
prediction of critical velocity and
high-strain regions. The method
limitations include an adiabatic

assumption, an inability to capture
long-term heat conduction or

multi-particle deposition,
and significant sensitivity to

mesh size.

[24]

ALE

Particle: IN718;
diameter: 30 µm;
substrate: IN718

cylinder with a radius of
75 µm and a height of

150 µm

Using Kinetic Spray
Solutions (KSS GmbH,
Buchholz, Germany)

software, particle velocity:
672 m/s;

particle temperature:
780 K; substrate

temperature: 298 K–723 K

The 3D explicit Lagrangian FE
model can reasonably reproduce the

interface temperature and bond
strength evolution under

single-particle impact. However, its
adiabatic assumption and

single-particle setup prevent it from
capturing long-term heat

conduction, gas flow,
or multi-particle deposition effects

present in real processes.

[25]
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Table 1. Cont.

Methods Particle and Substrate Experimental Parameters General Simulation Outcomes
and Limitations Ref.

ALE

Particle: Cu, Ni;
diameter: 20 µm;

substrate: Cu, 304
stainless steels (SSs)

Velocity: 200–1000 m/s
Particle temperature:

423 K
Substrate temperature:

298 K

The model provides critical velocity
(CV) predictions in good agreement

with experiments based on an
adiabatic shear instability criterion,

primarily serving to estimate
single-particle deposition

thresholds. The model is limited by
the absence of bonding simulation

and high mesh sensitivity, making it
unsuitable for predicting coating

morphology or porosity.

[26]

CEL

Particle: Cu;
diameter: 20 µm;
substrate: PEEK,

a 1/4 cylinder with
a radius of 50 µm and

a height of 100 µm

Particle temperature:
423 K

Substrate temperature:
298 K

Velocity: 300–575 m/s

The CEL model successfully
captures key phenomena like

mechanical interlocking and local
interfacial melting, predicting the

velocity threshold for effective
bonding. Drawbacks of the model

involve adiabatic assumptions,
neglect of multi-particle impacts
and other bonding mechanisms

(chemical/metallurgical),
and mesh sensitivity.

[27]

Coupled ther-
momechanical

Eulerian
(CTM-Eulerian)

Particle: Cu/Ti–6Al–4V;
diameter: 20 µm;

substrate:
Cu/Ti–6Al–4V, a radius
of 80 µm and a height of

60 µm

Particle and substrate
temperature: 298 K

This CTM–Eulerian model
highlights the significant effect of

heat conduction on particle
temperature distribution and

predicts critical velocity based on
deformation morphology and strain.
The model’s constraints consist of

grid sensitivity, adiabatic
assumptions, and neglect of

chemical bonding effects.

[12]

Lagrangian

Particle: Ti–6Al–4V;
diameter: 22.6 µm;
substrate: Cu, Al,

304 stainless steels (SSs)
and Ti–6Al–4V cylinder
with a radius of 67.8 µm
and a height of 90.4 µm

Particle velocity: 700 m/s
Particle and substrate

temperature: 298 K

Results indicate that heat
conduction significantly affects the
particle temperature distribution

but has a minimal impact on
deformation. Limitations

encompass adiabatic assumptions,
omission of oxide layer effects on

bonding, and mesh sensitivity,
rendering it suitable primarily for

single-particle simulations.

[28]

Thus, a clear comparison of the fundamental trade-offs between methods is essential
for selecting the most suitable one for a given single-particle simulation. Accordingly,
a systematic comparison of the Lagrangian, ALE, CEL, and SPH methods are assessed in
the “Conclusions and recommendations” section, focusing on numerical stability, predictive
fidelity for interfacial bonding, and computational cost.
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3. Multi-Particle Simulation
Despite promising technological advantages, the study of the simulation of multi-

particle gas–thermal spraying (including gas–dynamic spraying processes) is still not
comprehensive, particularly regarding the effects of subsequent particle impact after a sin-
gle particle impacts the substrate. Additionally, the impact of particles at different angles
and initial velocities on the substrate, as well as interactions between particles, remains not
well explained or detailed. Since, in the context of multi-particle spraying, the influence of
temperature and deformation on the physical properties of the initial particles, such as den-
sity, thermal conductivity, and Young’s modulus, needs to be considered. These factors can
also significantly affect the results of subsequent particle collisions. Therefore, a systematic
evaluation and comparison of existing multi-particle simulation methods—focusing on
their features, limitations, and applicability—is essential to guide the future development
of new engineering tools for optimizing coating deposition technologies.

3.1. CEL Method

The advantages of this method include calculating the Euler volume fraction of each
element, tracking material flow through the mesh over time, and maintaining an unchanged
mesh in the Euler domain. These capabilities collectively solve the severe mesh deformation
problem caused by high-speed impact. Thus, Xie et al. [29] compared the CEL and ALE
methods by studying the effect of aluminum particles on aluminum substrates. They
concluded that CEL cannot numerically study particle deformation because it only reports
the average value of each variable for Euler particles. However, CEL can be recommended
for simulation of spraying impact processes as the most accurate method for analyzing
substrate deformation and predicting the porosity level of manufactured samples.

Yang et al. [30] employed the CEL method to establish a multi-particle impact model
(Figure 3). Their simulations demonstrated that the maximum compressive residual stress
in the substrate decreases with an increasing number of impacting particles. Further-
more, under an equal particle count, smaller particles were found to generate greater
compressive residual stress. This finding underscores the critical importance of multi-
particle simulations for accurately predicting the realistic stress fields generated in thermal
spray processes.

Figure 3. CEL multi-particle model: (a) continuous model, (b) random small-particle-size model,
(c) random big-particle-size model [30].
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Furthermore, Song et al. [31] also used the same method and simulated the multi-
particle impact process of Ti–6Al–4V powder cold spraying onto a Ti–6Al–4V substrate
using the CEL framework. At the same time, Python scripts were used to model the particles
to ensure that their positions were randomly assigned in the Euler domain and that their
velocities and temperatures were distributed based on their diameters. This would have
made the calculation of porosity after sedimentation more accurate. In addition, by refining
the mesh, it was found that when the mesh size was reduced to 2 µm (1/60 of the side
length of the Euler domain), the porosity (3.9%) obtained was close to that of the mesh size
of 1.5 µm (1/80 of the side length of the Euler domain; porosity: 3.6%), but the calculation
time was reduced from 1142 h to 292 h. To more intuitively illustrate the CEL modeling
strategy for cold-spray multi-particle deposition and its capability of representing the
porosity and temperature fields, a typical CEL multi-particle model together with the key
simulation results obtained by Tan et al. [32] is shown in Figure 4.

Figure 4. CEL multi-particle deposition model and simulation results: (a) multi-particle model; (b) Eu-
lerian domain and substrate; (c) effective volume fraction (EVF) void distribution; (d) temperature
distribution [32].

Matteo Terrone et al. [33] employed the commercial software KSS to simulate the
impact velocity and temperature of Cu-Ti mixed powder under varying pressures and
temperatures. Their approach integrated Python scripts to implement a custom algo-
rithm for assigning particle velocity and temperature fields. Mesh convergence analy-
sis indicated that a mesh size of 2 µm optimally balances accuracy and computational
cost—a finding consistent with Song [31]. Through simulations on Ti-Cu and Ti-Al blends
with sacrificial material volume fractions of 30%, 40%, 50%, and 70%, and using a novel
post-processing step to numerically remove the pore-forming material (simulating chemical
etching), the study demonstrated that a sacrificial powder volume fraction of 40%–50%
yields an optimal interconnected porous Ti structure.

Weiller et al. [34] used the CEL method to simulate aluminum and aluminum alloy
2017-T3 as particles and substrates, and studied the porosity of eight spherical particles
after impact. The results indicate that porosity in multi-particle impact simulations was
characterized using a subsequent convex hull method. Porosity rates from 2% to 6.5% were
achieved, in the same order of magnitude as experimentally measured values.
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The CEL method is also well-suited for simulating the deposition of composite coat-
ings. This capability was demonstrated by Behera et al. [35], who modeled the co-deposition
of hydroxyapatite (HA) ceramic and Cu-Zn metallic powders (Figure 5). Their simulations,
employing Eulerian meshes for particles and Lagrangian meshes for the substrate, accu-
rately captured the performance trends: from the poor deposition efficiency (~8%) and
bonding strength (1.80 MPa) of pure HA to the significant improvements seen in Cu-Zn
(22%, 28.5 MPa) and the optimal HA-Cu-Zn composite (27%, 33.7 MPa, 136.3 HV). The CEL
simulations successfully replicated the experimental trend that the addition of the ductile
metal phase drastically improved deposition efficiency and bonding strength compared to
pure HA. This ability to identify the individual contributions of different materials within
a complex interaction underscores CEL’s utility for composite coating design.

 

Figure 5. (a–e) CEL model used in the multiple-particle impact simulation, with contact properties,
mesh details, and boundary and initial conditions of particles and substrate [35].

Overall, the CEL method is a popular choice for multi-particle spraying simulations
due to its robustness in handling large deformations. However, its application is accompa-
nied by high computational costs and increased complexity in post-processing [36–38].



Coatings 2025, 15, 1480 10 of 37

3.2. ALE Methods

So far, many studies have focused on the deposition of particles on smooth substrate
surfaces during gas–thermal spraying. However, in practical applications, spray particles
may affect the rough or even microchannel surface of the substrate. So, Wang et al. [39]
studied the deposition characteristics of cold-sprayed Al particles on Mg alloy microchannel
substrates using the ALE method, as shown in Figure 6, and investigated the deposition
of single and multiple particles on the surface of microchannel substrates. The results
indicate that when particles collide with the bottom of microchannels, the maximum
contact area is maximized and the plastic deformation dissipation energy of the substrate is
highest. Although the rebounding effect is minimal when particles collide with the edges
of microchannels, particle deformation is similar to that affecting smooth surfaces when
the particle diameter is too large or too small compared to the microchannel size. When
the particle diameter approaches the width of the microchannel, both the particle and
substrate deformation will intensify. When multiple particles collide with the microchannel
substrate, the increase in particle velocity and initial material temperature can lead to
porosity decrease.

Therefore, the ALE method demonstrates excellent mesh adaptability and is capable
of accurately capturing asymmetric deformation, contact evolution, and subsequent parti-
cle tamping effects during high-velocity impacts. This makes it particularly well-suited
for numerical simulations involving complex substrate geometries and multi-particle
cooperative deposition.

Wang et al. [11] built a structured ALE model in LS-DYNA using one-point multi-
material elements and the ALE_STRUCTURED_MESH_CONTROL option to simulate
residual stresses in a single cold-spray microparticle and in up to four deposited layers at
an impact velocity of 500 m/s. Their simulations, validated against X-ray diffraction and
contour-method measurements, showed that σx is compressive at the coating surface and
becomes tensile toward the interior, and that as the number of deposited layers increases,
the maximum tensile zone shifts from the substrate to the coating. This demonstrates the
capability of ALE to model multilayer cold-spray deposition and residual-stress evolution
in a numerically stable manner.

Implementing another approach, Yu et al. [40] used Abaqus/Explicit to study the
continuous impact of micrometer-sized solid metal particles on substrates (Al/Al, Cu/Cu,
steel/steel, and nickel/nickel) using the ALE method. The particle radius was 12.5 µm,
and a substrate size of 125 µm × 125 µm was used. The mesh size was 1 µm, and CAX4RT
elements were used together with ALE analysis. The ALE remeshing technique was used for
each increment, with a frequency of 10. The initial velocity of the particles was 400–800 m/s,
the temperature was 673–1073 K, and the substrate temperature was room temperature.
The simulations showed that good elliptical interfaces formed between aluminum particles,
copper particles could be embedded into the substrate to form a bowl-shaped structure,
and the first particle deposition of steel and nickel was severely compressed. Research
has shown that due to the simplification of the geometric irregularity and surface state of
actual powders by the model, the predicted idealized spray morphology deviates from
experimental results. Therefore, this model is mainly suitable for general estimation of the
degree of plastic deformation.

Thus, the ALE method offers enhanced accuracy in modeling multi-particle interac-
tions [41]. Nevertheless, it involves considerable modeling complexity and may encounter
mesh instability under extreme deformations—a limitation effectively addressed by mesh-
free approaches such as SPH.
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3.3. SPH Methods

Naturally, besides the collisions of individual particles, other factors such as collisions
involving mixed particles should also be considered. Saleh et al. [42] implemented an-
other approach for simulating the spraying process. The research team investigated the
deposition of AA-6061-T6 particles on AA-6061-T6 substrates using LS-DYNA and the
SPH method. Their simulations revealed significant plastic strain differences between the
core and the periphery of the impacting particles, with the core exhibiting lower plastic
deformation, while the periphery could experience much higher plastic deformation, po-
tentially causing local temperatures to approach the melting point. One of the main results
of this approach to multi-particle simulation is its ability to evaluate the degree of plastic
deformation in gas–thermal spraying particles, providing insight into the thermal history
and deformation mechanisms during deposition.

Zhang et al. [43] investigated the mechanism of pore formation in cold spraying using
the SPH method, which included over 10 million discretization points and simulated
approximately 200,000 powder particles for the first time. Pores can be divided into
three types: macro-scale macropores, micro-scale micropores, and interfaces between
different particles. The cross-sectional view obtained through numerical simulation in
Figure 6 is used to explain how these pores are formed. In Figure 6a, large pores between
particles exceeding the size of some smaller particles can be observed. The formation of
these large pores is not related to particle interactions or bonding effects (such as rebounding
or sliding). On the contrary, it is mainly caused by the uneven spatial distribution of
particles before impacting the substrate. These results demonstrate that the SPH method is
capable of accurately resolving both particle-scale interactions and macroscopic porosity
evolution, offering a powerful tool for understanding and predicting defect formation in
thermal spray processes.

 

Figure 6. Cross-section views of the deposition track obtained by numerical simulations: (a) large
pores in low-density regions, (b) small pores due to particle size difference, and (c) particle interfaces
caused by the slipping and rebounding of particles [43].
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Zhang et al. [44] developed an enhanced SPH method for large-scale simulation of
cold-spray additive manufacturing (CSAM) with different powder sizes, morphologies,
and distributions. Al-6061 powder with a diameter of 20–70 µm was used to generate
powder using the Discrete Element Method (DEM). SPH particles were used to discretize
each powder and model the CSAM process. Figure 7 shows the temperature field of powder
deposition at different speeds during gas–dynamic spraying.

 

Figure 7. Temperature field in the deposited powders during the multi-track multi-layer CS process:
(a) Vd = 500 m/s and (b) Vd = 900 m/s [44].

The developed meshless method can simulate a large number of powders (up to
tens of thousands), as well as approximately 10 million SPH particles. The adhesion
and compression effects between two tracks at lower and higher impact velocities can be
optimized to improve the powder impact velocity.
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The SPH method excels in simulating large deformations and complex thermo-
mechanical phenomena in spraying processes without mesh-related distortions [45,46]. Its
main challenges include numerical stability, computational scalability, and accuracy in
resolving short-range interactions [47].

Thus, multi-particle simulation more closely replicates the actual gas–thermal spray-
ing process by accounting for inter-particle collisions and cumulative coating build-up.
However, its increased complexity demands careful consideration of numerical method
selection to balance predictive accuracy and computational cost.

Table 2 compiles representative studies to illustrate how different approaches handle
this complexity, detailing the parameters and key outcomes for each case.

Table 2. General analyses of simulation parameters for multi-particle interaction: typical examples of
spraying processes.

Software and
Methods Particle and Substrate Parameters General Simulation Outcomes

and Limitations Ref.

Abaqus/Explicit
(CEL)

Particles:
Ti–6Al–4V alloy

Substrate:
Ti–6Al–4V alloy

Particle size: 25–45 µm
Particle velocity:

750–800 m/s
Particle temperature:

700–1100 K
Substrate temperature:

373–473 K

This CEL model shows good
agreement with experimental

results for coating porosity
prediction, with mesh convergence

analysis identifying an optimal
setup balancing accuracy and

computational cost. Key limitations
are the adiabatic assumption,

neglect of heat transfer between
particles and substrate, and the lack
of modeling for particle–substrate

or particle–particle bonding.

[31]

Abaqus/Explicit
(ALE)

Particles: Cu/Al
Substrate: Cu/Al

Particle size: 20 µm
Substrate temperature:

473–873 K
Particle velocity:

300–600 m/s

Simulation results confirm that
impact velocity and substrate

preheating temperature significantly
influence the substrate’s

temperature rise and equivalent
plastic strain, aligning with practical

observations. Limitations of the
method include simplifying
assumptions like adiabatic

processes and incomplete capture of
complex interactions between

dissimilar materials.

[48]

Abaqus/Explicit
(CEL)

Particles: Al
Substrate: Cu

Particle size: 20 µm
Particle velocity:700 m/s

Temperature: 300 K

The model reveals the evolution of
residual stress depth and magnitude

with an increasing number of
sequential particle impacts, from
single to multiple particles, and
confirms the significant effect of

impact velocity on substrate
temperature and plastic

deformation. The applicability of
the model is restricted by adiabatic
process assumptions and neglect of

complex interactions between
particles and the substrate.

[30]
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Table 2. Cont.

Software and
Methods Particle and Substrate Parameters General Simulation Outcomes

and Limitations Ref.

Abaqus/Explicit
(Lagrangian/CEL/
SPH/Eulerian

Approach)

Particles: Cu
Substrate: Cu

Temperature: 298 K
Particle size: 10–50 µm

Particle velocity:
300–1000 m/s

This comparative study reveals the
inherent characteristics of different

numerical methods: Lagrangian
predictions are highly sensitive to

mesh discretization. In contrast, the
Eulerian and SPH methods are more

suitable for simulating
multi-particle impact processes due

to their advantages in handling
extreme deformations and

representing interfacial bonding.

[49]

Abaqus/Explicit
(CEL)

Python
MATLAB

Particles: WC-12Co;
substrate: TC18

Particle temperature:
1080–1480 K

Substrate temperature:
300–900 K

Particle velocity:
300–600 m/s

By incorporating a Voronoi
polycrystalline method, the model

introduces microstructural
inhomogeneity in the substrate,
simulates random deposition,

and reveals high strain localization
and pore formation within the
coating. The model limitations
include adiabatic assumptions,

simplified spherical particle shapes,
and neglected heat transfer effects,

making it less suitable for modeling
complex multi-phase interactions or

continuous deposition.

[50]

Abaqus/Explicit
ANSYS-Fluent

16.0

Particles: Cp-Al,
Al-2024, Al-6061,

Al-7075
Size: 25 µm

Substrate: Cp-Al,
Al-2024, Al-6061,

Al-7075

Particle temperature:
573–873 K

Substrate temperature:
573–873 K

Particle velocity:
508–585 m/s

Simulations predict that increasing
the stagnation temperature
effectively enhances particle

velocity and temperature, leading to
improved coating thickness and

interfacial bonding fraction, a trend
consistent with experimental

findings. The model simplifies
multi-particle interactions and does
not fully capture the complexities of
inter-particle bonding or effects like
layer-by-layer densification during

continuous deposition.

[51]

Therefore, the choice of method hinges on two key practical considerations: scalability
to handle many particles and the computational cost required.

The “Conclusions and recommendations” section provides a comparative overview of
the Lagrangian, ALE, CEL, and SPH methods for both single- and multi-particle simula-
tions, guiding selection based on criteria such as robustness to mesh distortion, simulation
scalability, and typical computational demands.

4. Critical Analysis and Comparative Assessment of Constitutive Models
for Spraying Processes
4.1. JC Model

The previous section introduced the basic form and application of the JC model [10,52,53],
but a large amount of research has shown that this model has significant shortcomings
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at high temperatures and high strain rates, such as the inability to accurately describe
strain-rate sensitivity and thermal softening behavior. Therefore, scholars have proposed
various improvement methods or used other models (such as MTS, ZA, PTW, etc.) for
comparative verification. Table 3 summarizes the comparison of predictive performance
between the JC model and improved models typical in the literature.

Table 3. Applicability and limitations of the Johnson–Cook model across a broad range of strain rates
and temperatures.

Material/Method Strain-Rate Range
and Temperature JC Model Issue Improvement Methods and Results Ref.

Hypervelocity impacts:
glass microspheres
(0.5–22 µm) onto

Al-1100, Cu, Ta targets

109–1011 s−1; 298 K

Extrapolating JC gave
unphysical flow stresses (up to

the TPa range) at >109 s−1,
leading to large crater

size errors.

Default parameters still yield large
errors (>100%).

Best-fit PTW parameters (g, Y0, Y1,
and Y2) reduce crater diameter error to
within ±10%, clearly outperforming JC

and Steinberg–Guinan.

[54]

β-Sn (QS, SHPB, Taylor
cylinder tests) 10−3–107 s−1; 298 K

JC has no validated parameters
for β-Sn. Extrapolation fails: it
cannot capture the steep rate
sensitivity (from ~15 MPa at

10−3 s−1 to ~80 MPa at 106 s−1)
or anisotropic response.

Multi-phase PTW model:
Calibrated with quasi-static, SHPB,

and Taylor data.
Accurately reproduces stress–strain

curves across 10−3–107 s−1, avg. error
<10%.

At high rates (≥106 s−1), PTW captures
sharp stress increase; JC fails.

[55]

OFHC Cu (Taylor +
tension/compression)

10−1–8000 s−1;
296–1173 K; 718 K

Taylor test

JC underestimates stress at
high T and high rate: −13% at

873 K, 2300 s−1; −45% at
1173 K, 960 s−1.

In Taylor impact geometry, JC
average error ≈ 6%, larger

than ZA (4%) and MTS (5%).

MTS model: error only +4% (873 K,
2300 s−1), +9% (1173 K, 960 s−1), overall

average error ~15% vs. JC ~25%.
ZA model: lowest error in Taylor

geometry (4%).
MTS and ZA: reduced

room-temperature errors to ≤3%–5%.

[56]

Titanium alloy
Ti–6Al–4V

(hot compression,
α + β region)

10−3–1 s−1;
1073–1323 K

JC fails to capture thermo-rate
coupling. Correlation

coefficient (R) = 0.790, average
absolute relative error

(AARE) = 91.66%.

Modified ZA (m-ZA): R = 0.994, AARE
= 8.85%; Arrhenius model: R = 0.989,

AARE = 9.13%. m-ZA shows
best accuracy.

[57]

9Cr–1Mo steel
(hot compression)

10−3–1 s−1;
1123–1373 K

JC inadequate for high-T flow:
R = 0.977, error ≈13%.

Modified ZA model: R = 0.992,
AARE = 5.7%; Arrhenius: R = 0.989,

AARE = 5.9%.
[58]

SnSbCu alloy
(hot compression)

10−4–10−1 s−1;
293–413 K

JC shows larger errors:
R = 0.9766, AARE = 11.83%,

especially at high strains.

Modified ZA (m-ZA): R = 0.9888,
AARE = 5.58%; improved Arrhenius:

R = 0.9924, AARE = 5.21%. Both better
than JC.

[59]

Pure copper (OFHC,
wide-range
comparison)

10−4–106 s−1;
77–1096 K

JC avg. error >20% at
103–104 s−1, fails to capture

stress mutation.

MTS model: avg. error ~10%.
Overall ranking: PTW < MTS < ZA < JC. [60]

Inconel 718 (SHPB +
high-T compression)

2000–11,000 s−1;
773–1073 K

JC requires parameter
modification, fails to model

rate softening at high T.

Modified JC (MJC) proposed; good fit at
5000–11,000 s−1. [61]

As shown in Table 3, the JC model has certain applicability under low to moderate
strain-rate conditions, but the error significantly increases under high-temperature and
high-strain-rate conditions. In contrast, the MTS model is more accurate in capturing stress
levels, the ZA model performs better under thermal velocity coupling, and the PTW model
shows advantages in the ultra-high-strain-rate range. Therefore, the following sections will
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further introduce these constitutive models with more complete physical foundations in
order to select appropriate description methods for different application scenarios.

4.2. ZA Model

The Zerilli–Armstrong (ZA) model is grounded in the physics of thermally acti-
vated dislocation motion, which governs plastic deformation in metals [62]. Unlike
Johnson–Cook, ZA explicitly links flow stress to the mechanisms by which dislocations
overcome obstacles under different thermal and loading conditions [63]. It distinguishes
between BCC and FCC metals: in BCC structures, dislocation motion is dominated by
the athermal Peierls stress, resulting in a strong temperature and strain-rate dependence
that is essentially independent of strain; whereas in FCC metals, dislocation intersections
control the rate processes, making the activation area strain-dependent and coupling flow
stress more strongly to evolving dislocation density [64]. In addition, the model incorpo-
rates grain-size strengthening, reflecting how microstructural barriers at grain boundaries
influence plastic flow [65]. By capturing these fundamental mechanisms—thermal activa-
tion, crystal-structure-dependent rate control, and microstructural effects—the ZA model
provides a physically consistent framework for describing temperature–strain-rate cou-
pling and deformation behavior across a wide range of loading conditions, particularly for
refractory metals and steels under high strain rates.

Recent studies have refined the ZA framework for modern alloy systems. Shokry et al. [66]
modified the ZA formulation for titanium-based alloys, achieving predictive performance
with average absolute relative errors below 4% in hot deformation tests. Lewis et al. [67]
proposed a hybrid JC–ZA model for high-strength steels, combining the wide applicability
of JC with the improved temperature–rate coupling of ZA, significantly reducing prediction
errors. Earlier comparative work confirmed that ZA provides superior descriptions of
BCC metals relative to JC across a wide strain-rate range [68]. These results highlight ZA’s
advantage in intermediate-to-high-strain-rate applications, though additional softening
terms are often required to capture microstructural mechanisms such as DRX or twinning.

4.3. MTS Model

The MTS model describes plastic deformation based on dislocation mechanics, sepa-
rating the flow stress into a temperature-independent component, representing long-range
barriers independent of temperature and strain rate, and a thermal component, reflecting
dislocation motion over short-range obstacles controlled by temperature and strain rate.
This partitioning captures how deformation transitions from temperature-independent
resistance at low temperatures or high rates to thermally activated behavior at elevated
temperatures. Each model parameter corresponds to a specific physical mechanism, giving
MTS clear physical interpretability and strong predictive capability under extreme loading
conditions [69,70].

Early evaluations demonstrated the superior predictive performance of MTS compared
with empirical models. Banerjee [71] applied the MTS framework to multiple tempers
of AISI 4340 steel, showing that it captured both stress–strain behavior and dynamic test
results with greater fidelity than the JC model. Subsequent applications extended MTS to
conditions relevant for high-strain processing. Follansbee [72] demonstrated its ability to
represent the flow stress evolution in steels subjected to severe plastic deformation, while
later review work consolidated applications across a wide range of alloys, confirming MTS
validity under quasi-static to high-rate regimes [73].

Recent research has highlighted the adaptability of the MTS model for extreme con-
ditions. Dowding and Schuh [74] showed that under strain rates above 106 s−1, metals
exhibit anomalous thermal strengthening attributable to drag-controlled dislocation motion.
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Complementary studies by Tang and Hassani [75] used microprojectile impacts to directly
quantify dislocation drag, providing mechanistic support for MTS extrapolation into ultra-
high-strain-rate regimes. Together, these findings confirm that MTS offers a robust balance
between physical fidelity and predictive versatility, although calibration requires extensive
datasets and remains computationally demanding compared to empirical models.

4.4. PTW Model

The PTW model is a physically based constitutive law designed for extreme strain rates
(~103–1011 s−1). It captures the fundamental transition in dislocation motion from thermally
activated glide at lower rates to drag-controlled dynamics at very high rates, where lattice
drag governs resistance rather than thermal barriers. This enables PTW to accurately
describe deformation across a wide range of loading conditions, including impact and
shock regimes, while preserving clear links to the underlying dislocation physics [76].

Recent advances have strengthened PTW’s role in high-rate applications.
Nguyen et al. [55] calibrated PTW for β-Sn using combined quasi-static, SHPB, and Tay-
lor cylinder tests, achieving accurate reproduction of deformation modes up to 105 s−1.
Abigail [77] further introduced uncertainty quantification methods for PTW parameter
identification, offering statistically rigorous confidence intervals for simulations. Earlier
hypervelocity impact studies also validated PTW against crater morphologies at strain rates
approaching 1011 s−1 [54]. Collectively, these contributions confirm PTW as the most ap-
propriate model for applications involving ultra-high strain rates, including hypervelocity
impact and cold-spray processes.

In summary, the four mainstream constitutive models—JC, ZA, MTS, and PTW—are
each designed for simulating spraying processes within distinct strain-rate and temperature
modes. The selection of a constitutive model must be strictly aligned with the strain-rate
and temperature window of the intended simulation, as no universal optimum exists.
To support researchers and engineers in making this choice, section “Conclusions and
recommendations” provides a systematic comparison of these four models, summarizing
their applicable strain-rate and temperature ranges, physical foundations, calibration data
needs, and characteristic performance.

5. From Idealized Models to Realistic Deposition Mechanisms
In most previously analyzed simulations, the substrate and deposited coating layers

are typically represented as a smooth, clean, and generally uniform surface. This approach
is basic for a wide range of process deposition simulations because of the significant sim-
plification of the deposition process description. However, in reality, any gas–thermal
spraying (including gas–dynamic spraying processes) is critically characterized by signifi-
cant substrate/coating surface-layer fluctuations, including extremely high roughness and
surface irregularities and the presence of oxide layers, brittle inclusions, and machining
defects, as well as the formation of internal cavities, debonding zones, cracks, and fractures,
all of which significantly impact the deformation and bonding of the particles.

Therefore, systematical analyses and formalization of the critical factors are the most
important stages for the development and implementation of next-generation tools for
simulations of a wide range of gas–thermal spraying processes (including gas–dynamic
spraying processes).

As ensured by critical analyses of practical results, one of the most important influenc-
ing factors typically not formalized in computer simulations is the occurrence of random
surface irregularities, unpredictable deformations, and surface defects in specific zones.

Thus, Figure 8a visually highlights the scale and prominence of the material jetting
zone (outlined) surrounding an embedded particle. Figure 8b, as well as numerous other
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practical investigation results, illustrate that a Critical Jetting Behavior zone (CJB zone) with
a randomly changed complex of geometrical and physical parameters can cover a surface
with an area reaching up to 70%–120% of the initial particle cross-section area (especially
for ductile materials). This CJB zone introduces a substantial systematic error in integrated
impact simulation results. Moreover, the CJB zone, considered uncountable, finally can
be source of the point or group defects resulting in a significant decrease in the coating
operational characteristics. This fact should be taken into account using an additional
module for the estimation of CJB zone defect characteristics and special-zone surface-layer
property recalculation for every cycle of the spraying process.

Figure 8. Jetting zone (zone A) and microstructural irregularities (including multi-layer
shearing/delamination—zone B) effects at cold-sprayed interfaces: (a) cross-sectional view of em-
bedded Cu particle in Al substrate [78]; (b) spray behavior during Cu-Cu impact at 714 m/s [79];
(c) oxide layer fracture and delamination [80].

Moreover, Figure 8c reveals that the jetting zone exhibits a distinct stratified structure,
comprising multiple, often deboned, layers of material. This layered architecture results
from intense shear and non-uniform material flow during impact. Such a complex, discon-
tinuous internal geometry poses significant challenges for accurate mesh transformation
in simulations.

Figure 9 illustrates the bonding behavior and deformation of single particles at differ-
ent impact velocities, emphasizing the discrepancies between experimental observations
and theoretical models. At lower to medium velocities (552 m/s to 660 m/s, Figure 9a–e),
the experimental results show that particle–substrate contact is localized, with a significant
unbonded area. Bonding primarily occurs at the edges, while the center of the contact
area exhibits weaker bonding. The simulations, which typically assume uniform bonding,
fail to capture the local deformation and edge effects, leading to an overestimation of the
bonding quality at these lower velocities. As velocity increases, the unbounded region
decreases, but bonding remains incomplete in certain regions, highlighting the limitations
of the idealized models.

Furthermore, at high velocities (678 m/s to 875 m/s, Figure 9f–j), localized jetting
begins to occur, promoting stronger metal-to-metal bonding, especially in shearing zones,
where the strain at the interface is sufficiently high to overcome oxide layers and create
direct metallic contact. As velocity continues to increase, jetting intensifies, and plastic flow
at the interface becomes more pronounced, resulting in deeper hydrodynamic penetration
(HDP). However, even at these high velocities, unbonded regions persist, and bonding
quality begins to decrease, particularly beyond approximately 1.3 times the critical velocity,
where particle deformation reaches its extreme and interface peeling occurs. Existing
models typically overlook the complexities of jetting and HDP, leading to an incomplete
representation of the material behavior at high velocities. Therefore, to improve simula-
tion accuracy, models must better incorporate factors such as jetting, the critical jetting
bonding region, localized deformation, and the onset of HDP, all of which are crucial to
understanding particle impact dynamics at higher speeds.
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Figure 9. Impact deformation and bonding in single-particle impacts at various velocities: 3D
FIB-SEM Analysis. (a–j) SEM images show the morphological changes in single-particle impact at
different impact velocities. Each small image shows the contact and deformation of particles with the
substrate, and the green area represents the unbound part [81].

Another most important factor is the inability to remove total oxide layers using
classic gas–thermal technologies. Widely used mechanical surface cleaning and preparation
technologies, like sand blasting, as well as spraying of compositions with ceramic additives,
can be characterized by only partial destruction and fragmentation of surface oxide films.
All the typical technological processes of gas–thermal spraying onto substrates uncleaned
by chemical methods demonstrate nearly the same problem: the critical influence of surface
oxide layer fragments on the particle–substrate and particle–particle bonding processes.
Thus, Figure 10 highlights a critical deviation from the common simulation idealization
of a clean or uniformly oxidized substrate. The bonding mechanism, as illustrated in the
schematic (a), is not achieved on a pristine surface but is instead initiated by the fracture
and removal of the native oxide layer. The experimental evidence in (b) conclusively
shows that the adhesion interface is a mosaic of oxide-free zones and oxide-covered zones.
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Strong metallic bonding occurs only where the oxide has been effectively removed (e.g.,
at the peripheral zone of the crater, where material jetting occurs), while the regions where
the oxide layer remains intact (e.g., in the central area of the impact crater) result in no
adhesion. This demonstrates that successful bonding is a localized event governed by the
non-uniform breakup of the oxide layer, a key complexity absent in oversimplified models.

Figure 10. Non-uniform bonding mechanism governed by oxide film fracture: (a) schematic diagram
of particle impacting and bonding processes in cold spraying; (b) a pictorial view representing
fractographs of cold-sprayed Cu on Al exposed after adhesion testing showing bonded zones and
auger electron spectroscopic (AES) maps representing the oxide layer zone [82].

One more crucial challenge in applying theoretical models to real-world coating pro-
cesses is the very specific nature of deformation processes in critical zones. This results also
from unpredicted collision angles between the powder particle and the surface. Figure 11
highlights the difference between idealized predictions and actual experimental obser-
vations of cold-spray impacts. The schematic in Figure 11a,b assumes a homogeneous,
single-phase substrate, showing a smooth transition in bonding behavior with increasing
velocity. However, the experimental micrographs in Figure 11c–f reveal more complex
behavior, with irregular deformation, asymmetric jetting, and localized bonding failures
due to substrate irregularities. For instance, the Sn-Cu Figure 11c–e pairs show fragmented
flow and uneven adhesion, reflecting these substrate differences. Figure 11f,g further
demonstrate the specific deformation nature in gas–thermal spraying processes. Thus,
at 374 m/s, Sn–Cu shows distinct particle segmentation and localized fragmentation, cor-
responding to solid-state mechanical interlocking. The Al–Ni interface exhibits intense
material flow, jetting, and localized thermal effects, indicating that the bonding mechanism
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has transitioned to a thermally activated regime at 580 m/s. These observations under-
score the limitations of the single-phase substrate assumption, which oversimplifies real
deposition behavior, where fracture, deflection, and heterogeneous plastic flow dominate
particle–substrate interactions.

Figure 11. Impact-induced bonding and deformation of particles at varying velocities: predictions
and observations: (a,b) theoretical predictions and pressure distribution during the impact process,
showing bond strength and pressure changes over time [83]; (c–e) SEM images of Sn–Cu impacts at
470, 550, and 725 m/s [78]; (f) SEM images of Sn−Cu impacts at 374 m/s; (g) SEM images of Al−Ni
impacts at 580 m/s [84].

The influence of material property mismatch is further demonstrated in Figure 12a,b,
where soft–hard or hard–soft configurations induce asymmetric plastic flow, stress concen-
tration, and intermittent cracking. Such responses highlight the limitations of homogeneous
substrate assumptions.

 

Figure 12. Cross-sectional SEM images of cold-sprayed copper single particles deposited on
SS316L steel substrates with different surface conditions: (a) as-received surface; (b) semi-polished
surface [85].

Collectively, these observations underscore the need for simulations to advance be-
yond single-particle, ideal-surface frameworks. Future modeling efforts should incorpo-
rate multi-particle interactions, layer-by-layer accumulation, and realistic material het-
erogeneities, including oxides, defects, and second-phase particles. Achieving predictive
fidelity will require tightly integrated approaches, combining in situ diagnostics with post-
deposition microstructural analysis and rigorous benchmarking to ensure reproducibility
and industrial relevance.
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6. Conclusions and Recommendations
6.1. Comparative Assessment of Simulation Methods and Recommendations

Building on the applications presented in the previous sections, this section turns to
a critical examination of the four major numerical approaches—Lagrangian, ALE, CEL,
and SPH methods. Although these methods have provided valuable insights into particle
deformation, substrate response, and coating formation mechanisms, each of them suffers
from inherent drawbacks that restrict their predictive reliability. The purpose of this
section is therefore to discuss the problems and current limitations of these approaches in
detail, drawing on representative studies to illustrate their strengths, weaknesses, and the
unresolved challenges that must be addressed in future modeling of cold spraying.

6.1.1. Assessment of the Lagrangian Method

The Lagrangian FEM approach tracks the mesh with the material and has been widely
used for single-particle cold-spray impacts because of its efficiency and good agreement
at moderate velocities. For example, aluminum impacts ≤ ~500 m/s can be reliably
reproduced in terms of deformation shape and residual imprint when using standard
constitutive laws (e.g., JC). These results show that Lagrangian FEM can capture localized
plastic deformation under controlled conditions.

First, numerical stability and accuracy. At higher velocities (≥700 m/s), the extreme
plastic strains cause severe element distortion and even mesh tangling, which makes the
pure Lagrangian formulation unstable. Remedies such as element erosion/remeshing in-
troduce numerical dissipation and break the continuity of stress–strain histories, degrading
accuracy in high-rate regimes. Léger and Fortin [86] showed that element tangling and
frequent remeshing disrupt the continuity of strain histories, degrading the accuracy of
high-deformation simulations.

Second, computational cost. Maintaining element quality at high strain rates requires
very fine meshes in the impact zone and very small explicit time steps, and repeated
remeshing around successive splats further increases runtime. Consequently, extending
Lagrangian FEM from single impacts to multi-particle deposition leads to rapidly esca-
lating computational costs. Even when remeshing strategies are introduced to alleviate
distortion, they disrupt continuity in the stress and strain fields and significantly increase
the computational cost.

Third, in multi-particle simulations, progressive mesh distortion disrupts the accuracy
of stress and geometry at interfaces, making predictions of bonding, jetting, and pore
closure highly sensitive to mesh quality and remeshing criteria.

In summary, Lagrangian FEM is well-suited to detailed studies of single- or few-
particle impacts at ~300–600 m/s, providing high-fidelity fields under moderate veloci-
ties. Its predictive capability deteriorates beyond ~700 m/s and scales poorly to multi-
particle deposition because of element distortion, remeshing overhead, and loss of history
consistency—motivating the use of ALE/CEL/SPH in those regimes.

6.1.2. Assessment of the ALE Method

The ALE method introduces a relative independence between the mesh and the
material motion, thereby alleviating the severe mesh distortion encountered in the La-
grangian approach under high-velocity impacts. Within the particle velocity range of
300–700 m/s, ALE can provide relatively stable predictions of particle deformation and
bonding behavior. Nevertheless, its application in cold-spray simulations still exhibits
several critical limitations.

First, in terms of numerical stability and accuracy, when particle velocities exceed
700–800 m/s, frequent remapping of the mesh becomes necessary to maintain cell qual-
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ity. This process introduces numerical dissipation, which leads to significant devia-
tions between predicted and experimental residual stresses, with discrepancies reaching
15%–20% [23,87]. Side-by-side comparisons at ~500–610 m/s already show flattening ratio
errors ranging from ~6% to nearly 46% depending on material and configuration, while
experimental studies at ≥850 m/s (e.g., Ti–6Al–4V splats with FR ≈ 3.0) demonstrate
deformation levels that ALE simulations typically fail to reproduce [88].

Second, the ALE method incurs a high computational cost. In multi-particle systems,
each newly deposited particle may trigger extensive remeshing, causing the computational
time to increase exponentially [89,90]. Even in the case of only two-particle impacts,
computational demand increases drastically, which makes large-scale simulations involving
hundreds of particles impractical.

Third, regarding interface and contact modeling, ALE simulations tend to produce
symmetric and regular jetting and interfacial morphologies. In contrast, experimental
observations show more irregular features, owing to non-ideal particle sphericity, surface
oxidation layers, and substrate roughness. This discrepancy highlights the limited capa-
bility of ALE in capturing the evolution of microscopic defects such as pore closure and
micro-jet formation during cold-spray deposition [87].

Beyond these general issues, recent studies provide concrete numerical evidence
underscoring ALE’s shortcomings in realistic multi-particle scenarios. Badaloo et al. [91] re-
viewed cold-spray modeling frameworks and emphasized that the (CEL) method uniquely
enables quantitative porosity evaluation via the EVF in large-scale simulations, whereas
ALE and SPH lack this capability.

In summary, ALE is suitable for cold-spray studies involving moderate particle veloci-
ties (300–700 m/s) and a limited number of particles, and it shows particular advantages
when dealing with complex substrate geometries. However, under conditions of high veloc-
ity (>800 m/s), large-scale deposition (>100 particles), or when investigating the evolution
of microscopic defects, its predictive capability is significantly constrained. Therefore, ALE
should be regarded as a complementary tool rather than a standalone method and should
be combined with CEL or SPH approaches to improve predictions of porosity evolution,
interfacial bonding mechanisms, and macroscopic residual stress distributions.

6.1.3. Assessment of the CEL Method

The CEL method combines an Eulerian representation of the particle domain with
a Lagrangian description of the substrate, thereby avoiding the severe mesh distortion
inherent to pure Lagrangian or ALE approaches. This hybrid framework enables CEL
to capture jetting, fragmentation, and porosity evolution with higher fidelity, making it
particularly suited for cold-spray simulations at high particle velocities.

First, in terms of numerical stability and accuracy, CEL has been validated against
experimental results for both single- and multi-particle impacts. Eberle et al. [92] showed
that CEL-derived descriptors (strain and temperature) can predict porosity trends in cold-
sprayed titanium parts with ~92% accuracy through machine learning, confirming that
CEL features align with experimental porosity across 580–900 m/s velocities and varying
stand-off distances.

Second, with respect to computational cost, CEL requires fine Eulerian meshes (often
with an element size < 5 µm) with a large Eulerian domain—typically several times the
characteristic deposition zone thickness to avoid boundary reflections and to accommo-
date jetting/fragmentation, which drives up memory and runtime. Even multi-particle
cases with only a few dozen particles require runtimes significantly larger than ALE,
and simulating hundreds of particles typically necessitates high-performance computing
clusters [31,93]. Nevertheless, Nault et al. [93] applied CEL-informed geometric porosity
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models to airfoil leading edges, showing that deposition defects could be predicted in
complex geometries—a capability critical for titanium aerospace components.

Third, regarding interface and porosity modeling, CEL uniquely enables quantitative
porosity evaluation through the EVF method, allowing void evolution to be tracked during
deposition. For example, Tan [94] simulated the impact of 100 Al6061 particles (20–70 µm,
585 m/s) and reported porosity reductions from 5.08% at 600 K to 4.02% at 650 K and 3.58%
at 700 K, reproducing the experimentally observed densification trend.

In summary, CEL is the most versatile and experimentally consistent framework for
cold-spray modeling. In single-particle simulations, it provides accurate splat morpholo-
gies and stress fields, while in multi-particle simulations it uniquely quantifies porosity
evolution and coating build-up. However, its predictive power comes at a high computa-
tional cost, and direct CEL studies on titanium particles remain limited. Thus, CEL should
be considered the preferred tool for porosity evaluation and coating densification studies,
but its practical application will require careful optimization of mesh resolution and access
to high-performance computing resources.

6.1.4. Assessment of the SPH Method

Unlike mesh-based methods, SPH does not rely on predefined spatial connectivity,
thereby avoiding mesh distortion and remeshing altogether. This feature makes SPH
particularly well-suited for problems involving severe plastic deformation, high strain
rates, and particle breakup and jetting—conditions that frequently occur during cold-spray
deposition. In contrast to ALE and CEL, which suffer from either numerical dissipation
or high computational overheads, SPH offers a natural framework to model jet formation,
splashing, and crack initiation in metallic systems at impact velocities exceeding 800 m/s.

First, in terms of numerical stability and accuracy, SPH has been shown to capture
particle impact, jetting, and fragmentation with strong agreement to experimental observa-
tions. Tai et al. [95] further showed that SPH simulations distinguish between spherical
and elongated particle morphologies, with differences in local bonding and temperature
evolution consistent with thermal spray experiments.

Second, with respect to computational cost, SPH avoids the remeshing overhead
characteristic of ALE and CEL; however, its particle–particle interaction kernels necessitate
very small time steps for numerical stability. Gnanasekaran [21] noted that even single-
particle impacts are computationally demanding compared with finite element simulations.
Large-scale deposition remains particularly intensive. More recently, Zhang et al. [44]
employed a massively parallel SPH framework to simulate large-scale CSAM involving
~107 particles in the 500–1100 m/s velocity range, demonstrating stable convergence and
agreement with deposition experiments.

Third, regarding interface and porosity modeling, SPH naturally represents particle
breakup and jetting, pore formation, and free-surface evolution, making it well-suited for
analyzing defect mechanisms. Tai et al. [96] showed that SPH simulations reproduced
non-uniform jetting and localized bonding variations in Ti and Al impacts. Moreover,
Jeske et al. [97] benchmarked SPH for thermal spray processes and confirmed its robustness
in modeling splashing and interfacial instabilities. Nevertheless, unlike CEL, SPH lacks
a built-in framework, such as EVF, for porosity quantification, and outcomes remain
highly sensitive to smoothing length and particle resolution. This limits its utility for
coating-scale porosity prediction, particularly in Ti systems where oxide films strongly
influence adhesion. However, SPH has certain limitations. Unlike the CEL method, it lacks
a built-in framework like the Effective EVF for direct porosity quantification. Additionally,
the simulation results are highly sensitive to parameters like smoothing length and particle
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resolution. These factors limit SPH’s utility for predicting porosity at the coating scale,
particularly for materials like titanium where oxide films significantly influence adhesion.

In summary, SPH excels at simulating extreme deformation, particle breakup and
jetting, and high-velocity particle impacts (>800 m/s), making it a valuable complement
to ALE and CEL. It eliminates mesh distortion entirely and captures irregular interfacial
morphologies more realistically. However, it suffers from high computational costs and
limited scalability to coating-scale simulations, and it lacks robust porosity quantification.
Thus, SPH should be considered a specialized tool for investigating single- or few-particle
impact physics and defect mechanisms in cold spraying—particularly for Ti and other
difficult-to-spray materials—rather than for coating-scale process optimization.

6.1.5. Recommended Framework for Preliminary Simulation

To enhance the accuracy, consistency, and reproducibility of numerical simulations
for existing and prospective thermal spray process, it is essential to develop standardized
and systematically structured modeling frameworks. Figure 13 provides the comprehen-
sive simulation architecture, encompassing key components across the entire simulation
workflow [1,12,16,25,28,51,98–107] used by authors for a wide range of material groups,
and can be recommended as the basic framework for the preliminary simulation stage of
gas–thermal spraying processes.

Figure 13. Typical parameters and framework for particle cold-spray simulation based on the
JC model. Notes: * The recommended coatings’ parameters have been determined for specific
conventional processes; actual parameters should be optimized in alignment with real process
conditions and operational requirements.
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This procedure includes the classification of particle and substrate types, the in-
corporation of comprehensive thermophysical and mechanical property datasets—such
as density, specific heat, thermal conductivity, and Johnson–Cook constitutive model
parameters—under standard conditions.

The framework also delineates meshing strategies tailored to various simulation
approaches, including Lagrangian, ALE, CEL, and SPH methods, with mesh resolution
recommendations based on particle diameters ranging from 20 to 80 µm. Solver set-
tings are specified for typical materials such as Al2024, Ti–6Al–4V, and IN718, cover-
ing initial particle velocities, thermal preconditions, and suitable element types for both
particles and substrates. Furthermore, the framework identifies primary simulation out-
puts, including residual stress distribution and temperature evolution. Collectively, this
framework provides a validated and generalizable foundation for conducting high-fidelity
cold-spray simulations.

6.2. Comparative Assessment of Constitutive Models and Recommendations

As the results of comprehensive analyses outline, the current application of constitutive
models in gas–thermal spraying (including gas–dynamic spraying processes) simulation
is characterized by a trade-off between simplicity, physical fidelity, and the availability of
experimental data for calibration. The typical operational domains of these models are
as follows:

JC: Serves as the widely used baseline due to its simplicity and extensive parameter
libraries. Typical Application Range: Strain rates up to 104–105 s−1; temperatures below
~0.6 Tm (melting point). Limitation: Accuracy degrades significantly at very high strain
rates (>105 s−1) and high temperatures due to its empirical nature and inability to capture
drag-dominated deformation and dynamic recovery/recrystallization.

ZA: Offers a more physics-based approach for BCC/FCC metals, with better perfor-
mance in thermal-rate coupling. Typical Application Range: Strain rates up to ~106 s−1;
temperatures from room temperature to near melting point. Limitation: Predictive capabil-
ity declines as strain rates approach ~106 s−1, where deformation transitions to drag control.
It also requires additional terms to accurately model high-strain softening mechanisms like
dynamic recrystallization.

MTS: Provides a robust, physics-based framework with high predictive accuracy
across a very wide range of conditions. Typical Application Range: A very broad spec-
trum, from quasi-static (10−4 s−1) to high strain rates (106 s−1), and temperatures from
cryogenic (77 K) to near Tm. Limitation: It is notoriously data-hungry, requiring extensive
and high-quality experimental data across the entire targeted strain-rate and tempera-
ture range for reliable calibration. The parameter identification process is complex and
computationally expensive.

PTW: The preferred model for simulating extreme loading conditions, as it uniquely
captures the transition from thermally activated to drag-dominated plasticity. Typical
Application Range: Ultra-high strain rates from 103 s−1 up to 1011 s−1, applicable from
room temperature to melting point. Limitation: Requires material-specific calibration in
extreme conditions, where relevant experimental data (e.g., from plate impact or laser-
induced shock experiments) is exceptionally scarce and difficult to obtain, severely limiting
its general applicability.

Consequently, the JC model remains the default choice for general simulations where
extreme conditions are not the focus. In contrast, the ZA and MTS models are selected
for studies requiring enhanced physical realism at high temperatures and intermediate to
high strain rates, with MTS being the more comprehensive but demanding option. The
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PTW model is reserved for specialized scenarios involving hypervelocity impact and other
phenomena characterized by extreme strain rates.

To synthesize the insights from the preceding subsections, the following table
(Table 4) contrasts the JC, ZA, MTS, and PTW models with respect to their strain-
rate/temperature ranges, physical foundations, calibration data, and performance in
predicting essential impact measures such as critical velocity, flattening ratio, bonding
probability, and crater/residual behavior.

6.3. Comprehensive Summary and Engineering Application Guide

This study provides the initial analytical results of the complex project aimed at
developing a new gas–thermal spraying (including gas–dynamic spraying processes)
simulation strategy characterized by a shift from idealized models to real processes in
coating–substrate systems. It includes critical analyses of modern simulation methodolo-
gies and mathematical methods widely used for gas–dynamic spraying simulations, as
well as the real deformation processes in surface layers, as the key components of the
new developments.

While Table 4 provides a detailed technical comparison of the constitutive models’
theoretical foundations and performance limits, the practical selection of a model for
a specific application often requires more direct guidance. Therefore, Table 5 synthesizes
these technical insights into a concise selection guide, mapping recommended models to
typical spraying materials and process conditions.

The results of the comprehensive analyses of existing methods and procedures allow us
to formalize the technical recommendations for precise simulation of gas–thermal spraying
(including gas–dynamic spraying processes) and optimization of operating modes.

Table 4. Qualitative comparison of constitutive models (JC, ZA, MTS, and PTW) [54,67,73,76,108–116].

Model Physical Basis of
the Model

Typical Calibration
Datasets Advantages Disadvantages

JC

Empirical formulation
combining strain-rate and
temperature effects; lacks
explicit treatment of drag-
controlled deformation.

Primarily calibrated using
quasi-static tests and Split
Hopkinson Pressure Bar

(SHPB) data; limited
validation at

high temperatures.

Reliable in SHPB/Taylor
regimes (≈102–105 s−1,

T ≤ 0.6Tm): captures Lf/L0
and FR–velocity trends;

accuracy degrades at
≥106 s−1, where
drag-controlled
effects appear.

The main limitation of the JC
model lies in its empirical

formula nature. It is reliable
under normal conditions,

but! its accuracy will
significantly decrease at

ultra-high temperatures or
strain rates exceeding 105 s−1,

near the melting point of
the material.

ZA

Based on dislocation glide
controlled by thermal

activation; separate forms
exist for BCC and

FCC metals.

Calibrated with SHPB data
over a range of

temperatures; material
constants are sensitive to
microstructural state (e.g.,

grain size and
dislocation density).

More accurate than JC at
high T/ε; FR–velocity

relations closer
to experiments.

The ZA model is more
advanced than JC, but its

theoretical framework based
on dislocation glide imposes

a theoretical “velocity ceiling”.
Its accuracy declines when
strain rates exceed 106 s−1,

where deformation becomes
dominated by drag-controlled
mechanisms. Furthermore, it
requires additional terms for

softening processes like
dynamic recrystallization or

twinning to handle high
strains (>0.5).
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Table 4. Cont.

Model Physical Basis of
the Model

Typical Calibration
Datasets Advantages Disadvantages

MTS

Separates athermal and
thermal contributions to
flow stress; reflects both

threshold stress and
drag-controlled regimes.

Calibrated with
quasi-static (low ε), SHPB

(high ε), and Taylor
cylinder impact tests.

Sometimes complemented
with micro-impact data

for extreme
strain-rate validation.

Captures strengthening
across wide ε; reproduces

FR–velocity relations;
with broad calibration data,

prediction errors within
a few percent.

MTS model is a powerful
physically based model, but its
primary drawback is its “large
appetite” for data. Its reliable
calibration requires extensive
experimental data covering

a very wide range (strain rates
from 10−3 s−1 to 106 s−1,

and temperatures from room
temperature to melting).

The parameter identification
process is highly complex and

computationally expensive,
and predictions become highly

uncertain outside the
calibrated range.

PTW

Captures smooth transition
from thermally activated to
drag-controlled plasticity;

designed for extreme strain
rates and pressures.

Calibrated with
quasi-static, SHPB,

and Taylor tests, extended
by impact

and hypervelocity
benchmark experiments.

Applicable to
hypervelocity impacts, at
projectile speeds on the

order of 103 m/s.
Accurately reproduces

jetting, particle flattening,
and crater formation,

and has been validated for
Al, Cu, and Ta at strain

rates up to 1011 s−1.

PTW model is a top-tier model
designed for extreme

conditions (e.g., hypervelocity
impact), but it is also the most
“demanding”. Its parameters
must be recalibrated for each

specific material; using generic
parameters can lead to

significant prediction errors
(>10%). However, the extreme
condition data necessary for its

calibration (e.g., strain
rates > 107 s−1) is exceptionally
scarce and difficult to obtain,

which greatly limits its
practical application.

Table 5. Constitutive model selection guide for typical spraying materials and applications [55,58,67,
73,76,112,117–124].

Model Examples of Materials Strain-Rate
Range

Recommended
Temperature

Range

Essential
Calibration Data Advantages Disadvantages

JC

Ti–6Al–4V, aluminum
alloys (Al2024, Al6061,
Al7075); nickel-based

alloys (IN718); stainless
steel (304SS, 316SS)

10−3–105 s−1
Room

temperature to
~0.6 Tm

Quasi-static
compression;
SHPB data

Best balance of
simplicity and

practical accuracy;
widely used
with readily

available parameters.

Simplistic and
inaccurate at high

temperatures and strain
rates; misses dynamic

recovery and
recrystallization effects.

ZA

Nickel-based
superalloys (IN718,

Inconel 625),
high-strength steels

(AISI 4340), titanium
alloys (Ti–6Al–4V)

102–106 s−1 Room tempera-
ture to Tm

SHPB data over
a range

of temperatures

Improved physics
over JC; better
T/ε coupling
with separate

BCC/FCC forms.

Lacks dislocation drag;
limited accuracy at very

high ε; struggles with
strain softening.

MTS

High-strength steels
(AISI 4340, 410 steel);
nickel-based alloys

(Inconel 625);
oxygen-free,

high-conductivity
copper (OFHC copper);

10−4–106 s−1 Cryogenic (77 K)
to Tm

Extensive data
across the

entire targeted
(T, ε) range

(quasi-static, SHPB,
Taylor impact)

High fidelity, robust
predictions over an

extreme range of
(T, ε).

Requires extensive data,
high computational

resources, and complex
calibration procedures.
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Table 5. Cont.

Model Examples of Materials Strain-Rate
Range

Recommended
Temperature

Range

Essential
Calibration Data Advantages Disadvantages

PTW
Ni and nickel alloys

(IN718); Ti alloys; Cu,
Ta, and Ta-W alloys

103–1011 s−1
Room

temperature
to Tm

Taylor impact; plate
impact or

laser-induced
shock experiments

Unique capability
for ultra-high ε;

models dislocation
drag effects.

Requires specialized
and costly calibration
data; not suitable for
most spray processes.

Thus, single-particle simulation can be recommended for analyses of local interaction
mechanisms between particles and substrates, such as plastic deformation, stress distri-
bution, and temperature field evolution, and prediction of critical bonding velocity and
interfacial jetting. General advantages of this approach can be summarized as the efficiency
of parameter analysis, such as particle velocity and size. Therefore, the Lagrangian method
is suitable for medium to low velocity impacts (<500 m/s), but attention should be paid to
mesh distortion issues (the recommended unit sizes are 1/50, . . ., 1/100 of the particle size),
especially in high-speed or extreme deformation scenarios that may cause computational
interruptions. Compared to the pure Lagrangian approach, the ALE method significantly
reduces mesh distortion in regions of severe deformation through adaptive meshing. It
is well-suited for medium- to high-velocity impact simulations (300–700 m/s), especially
when particle velocities exceed the limits of the Lagrangian method. In single-particle im-
pact simulations, the CEL method typically employs an initial velocity exceeding 500 m/s
to effectively replicate dynamic material ejection phenomena under supercritical velocity
conditions. In single-particle impact simulations using the SPH method, the applicable
velocity range spans from moderate to extremely high speeds—ranging from several hun-
dred to over a thousand meters per second. In theory, SPH imposes no inherent upper limit
on particle velocity; however, it requires extremely small explicit time steps (on the order
of 10−10 s or less) to ensure numerical stability. To balance accuracy and computational
efficiency, a hybrid approach can also be adopted—modeling the particles with SPH and
the substrate with a conventional finite element mesh.

Multi-particle simulation needs to consider the random distribution between particles,
velocity differences, collision superposition effects, and cumulative effects of temperature
deformation. The computational complexity significantly increases, especially in the re-
source consumption problem of high-resolution meshes or large-scale particle systems.
When using the CEL method to model multi-particle deposition, a Python-generated
Rosin–Rammler distribution can be employed to systematically replicate the statistical char-
acteristics of the actual spray process—such as random spatial distribution, polydisperse
particle sizes (e.g., Ti–6Al–4V powder with Dv(10) = 10 µm and Dv(50) = 29 µm), and veloc-
ity variation. This approach enables realistic capture of particle–substrate interactions and
inter-particle collisions, thereby significantly enhancing the predictive accuracy of coating
porosity (with an error < 5%) and residual stress fields. The ALE method treats distinct
particulate materials as a continuum accumulation within the Eulerian mesh framework.
Post-impact particles remain in the Eulerian domain and interact with subsequent particles,
enabling explicit modeling of layer-by-layer coating deposition. This capability makes
the ALE approach particularly suitable for investigating macro-scale coating properties
such as porosity evolution (e.g., 2%–6.5% error versus experiments) and residual stress
distribution. However, current computational constraints typically limit simulations to
systems containing fewer than 100 particles while maintaining acceptable accuracy (mesh
size ≤ 1 µm). The SPH method is well-suited for capturing the intense plastic flow and
metallic micro-jetting that occur during thermal spray impacts. It can realistically reproduce
interfacial features between particles and coatings, such as micro-jets and localized molten
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bands, thereby revealing a “micro-welding” mechanism in which particles bond through
thin layers of molten material. The computational cost of SPH scales linearly with the
number of particles. Recent studies employing message passing interface (MPI)-based
parallelization have successfully extended SPH simulations to scales involving millions
of particles [44]. In general, multi-particle simulation can be recommended for predicting
coating performance (porosity and residual stress), optimizing process parameters (such
as gas pressure and particle distribution), and dynamic deposition analysis of complex
substrates (such as microstructured surfaces).

As summarized in Table 6, the Lagrangian, CEL, ALE, and SPH methods exhibit
distinct characteristics in terms of their mesh structures, capabilities for handling particle
deformation, and overall suitability for simulating high-strain-rate phenomena. These
methods are systematically evaluated based on key performance indicators, including
their effectiveness in modeling particle impact behavior, capacity to accommodate large
deformations, resolution and accuracy, as well as computational cost. This comparative
assessment offers valuable guidance for selecting appropriate numerical strategies in
thermal spray processes.

Table 6. Lagrangian, CEL, ALE, and SPH methods for particle deformation in gas–thermal spraying:
guide for informed model selection [10–13,21,22,25,28,30–32,39,43,44,95,125–131].

Feature
Method Lagrangian CEL ALE SPH

Capture jetting
capability

Medium.
Only effective at low
to medium velocities

(Vp < ∼600 m/s). Fails
at high speeds due to

severe mesh distortion,
leading to inaccurate
simulation or compu-
tational termination.

High.
Excellent performance

over a wide velocity range
(especially Vp > 500 m/s),

capable of high-fidelity
simulation of fluid-like

splashing, jetting,
and fragmentation.

High.
Produces stable jets in the

300–700 m/s range,
but results tend to be

overly idealized and may
not capture the

complex morphologies
observed experimentally.

Very high.
Ideal for extreme

velocity impacts (over
1000 m/s). Its

meshless nature
allows it to naturally

capture extreme
deformations like jet

breakup and
particle fragmentation.

Robustness to
mesh distortion

Poor.
Fails at high speeds
(typically > 700 m/s)

due to severe
distortion of the

Lagrangian mesh.

Excellent.
Based on an Eulerian grid,

it is free from mesh
distortion problems,

making it highly suitable
for large-

deformation simulations.

Good.
Dynamic remeshing

capability maintains good
stability within the

300–700 m/s
velocity range.

Excellent.
As a meshless method,

it fundamentally
avoids mesh distortion

issues, making it
extremely robust

for very
large deformations.

Computational
cost

Low.
(Relatively efficient,
but struggles with

large particle
deformations or

high-speed impacts.)

Moderate.
(Computationally

expensive due to mesh
updates during

large deformations.)

High.
(Computationally

demanding, especially
during frequent mesh
remapping and large

particle impacts.)

Very high.
(Very high resolution,
as particle interactions
are explicitly modeled

without mesh-
based limitations.)

Scalability with
particle count

Poor.
Primarily suited

for single-
particle simulations.

Moderate.
Well-suited for moderate

numbers of particles
(50–100).

Moderate.
Suitable for multi-particle
simulations with around

1–100 particles.

Excellent (scalability)/
poor (cost).

Its meshless nature
offers exceptional

scalability, capable of
simulating millions

(106–107) of particles.

Typical mesh size
Fine mesh (typically

1/50 of the
particle diameter).

Adaptive (typically
1–2 µm).

Adaptive (typically
2–3 µm).

Meshless
(particle-based).
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Table 6. Cont.

Feature
Method Lagrangian CEL ALE SPH

Time-step
requirements

Small (requires very
small time steps,
approx. 10−9 s).

Moderate (time steps
typically around 10−8 s).

Moderate (time steps
typically around 10−8 s).

Small (requires very
small-time

steps, approximately
10−10 s).

Single-particle
simulation

recommendation

Suitable for analyzing
local plastic
deformation,

temperature fields,
and critical bonding

velocity. Provides
high-fidelity field

results in the
300–600 m/s range.

Suitable for simulating
dynamic material ejection
and bonding mechanisms

under supercritical
velocity conditions.

Accurately reproduces
particle deformation

in spray
deposition processes.

Reduces mesh distortion
via adaptive meshing;
suitable for analyzing

asymmetric deformation
and interface evolution.

Performs stably in velocity
ranges where the

Lagrangian method fails.

Suitable for extreme
velocity impacts;

naturally captures jet
breakup, particle

fragmentation, etc.
Theoretically, no upper

velocity limit,
but requires extremely

small-time steps
(≤10−10 for stability).

Multi-particle
simulation

recommendation

Not recommended for
multi-particle spray
simulations; mesh

distortion and
remeshing cost
severely limit

scalability beyond
a few

interacting particles.

Combined with Python
scripts to generate
particles following
a Rosin–Rammler

distribution, simulating
a random spatial
distribution and

polydisperse particles.
Accurately predicts

coating porosity
(error < 5%) and residual

stress fields.

Treats distinct particulate
materials as a continuum
accumulation within the
Eulerian mesh, enabling

explicit modeling of
layer-by-layer coating

deposition. Suitable for
studying macroscopic

coating properties (e.g.,
porosity evolution

and residual
stress distribution).

Although capable of
simulating large-scale

particle systems
(theoretically, up

to millions),
the computational cost

is extremely high,
requiring substantial
parallel computing
resources. Primarily

used for investigating
single- or few-particle

impact physics and
defect mechanisms.

Finally, complex comparative analyses of theoretical and realistic deformation and
defect-generation processes in gas–thermal spraying emphasize the critical need for funda-
mental changes in simulation strategy. To begin with, the new approaches should integrate
classic analyses of multi-particle interactions with realistic material heterogeneities and
non-idealistic deformation processes. Therefore, it is crucial to integrate in situ diagnos-
tics with post-deposition microstructural analysis and rigorous benchmarking to ensure
successful industrial relevance.

On the other hand, the general focus should shift from the generation of generalized
coating–substrate system characteristics to process simulation in special problematic zones.
These zones, as the general sources of critical single and group defects, significantly change
the real functional properties and lifespans of the coating–substrate compositions.

The pursuit of this integrated approach, combined with the development of practical
methodologies, will open up numerous possibilities for implementing the new efficient
engineering tool in the industrial sector.
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