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H I G H L I G H T S

• Cold Spray repair is modeled under varied process and substrate conditions
• Fluid dynamics simulations accurately predict particle speed and temperature
• Support Vector Regression builds fast predictive models for particle properties
• Explainable AI grants interpretability of factors most affecting particle behavior
• Combined modeling and AI enable efficient Cold Spray process optimization
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A B S T R A C T

Cold Spray is a solid-state deposition technique that accelerates metallic particles to supersonic speed through a 
converging-diverging nozzle. Particles adhere to the substrate thanks to the high kinetic energy they acquire 
when reaching a material-specific critical velocity. The optimal choice of process parameters — essential to 
obtain suitable particle temperatures and velocities — is crucial for deposition efficiency. In the present study, a 
computational fluid dynamic (CFD) model was developed to simulate the cold spraying process. The model was 
validated experimentally through a high-speed camera for in-flight particle tracking. The simulations were 
repeated on a wide range of process parameters and on different substrate geometries, applying Latin Hypercube 
sampling to ensure a homogeneous distribution within the variable space. The generated data was used to train 
an artificial intelligence (AI) model of Support Vector Regression (SVR) with the objective of directly predicting 
the thermo-kinetic properties of the metallic powders. To strengthen the interpretability of the prediction model, 
explainable AI method of SHapley Additive exPlanations (SHAP) was implemented to identify how each input 
parameter affects the model predictions for particle temperatures and velocities. The combined CFD-AI approach 
showed high accuracy and efficiency in predicting the thermo-kinetic conditions of the powder while main
taining the physical interpretability of the related phenomena. This integrated method enables advanced opti
mization strategies for controlling the Cold Spray process.

1. Introduction

Cold Spray (CS) is a solid-state deposition technique in which 
micrometric metallic or composite particles are propelled to supersonic 
velocities—typically between 500 and 1200 m/s—via a high-pressure, 
inert gas flow passing through a converging-diverging DeLaval nozzle 
[1]. Unlike other thermal spray processes, CS maintains particle 

temperatures well below their melting points, preventing undesirable 
thermal effects such as oxidation, phase transformation, or heat-affected 
zones. Instead of melting, coating formation relies entirely on the kinetic 
energy of the particles. Successful particle bonding is obtained when 
they surpass a critical velocity, dependent on the temperature and 
thermomechanical properties of the sprayed material [1,2].

Originally developed for coatings, CS is now gaining traction also in 
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additive manufacturing (AM) and repair applications [3,4]. Its solid- 
state nature makes it especially advantageous for eliminating heat- 
affected zones (HAZ) and repairing temperature-sensitive substrates. 
This applies in particular when compared to commonly used melting- 
based repair techniques such as welding or brazing. Other solid-state 
processes, such as linear friction welding and friction stir welding 
[5,6], while avoiding melting and preserving consistency, are limited in 
geometry and require tool access Further benefits of CS include high 
deposition rates, minimal oxidation, and compatibility with geometri
cally complex or oxygen-sensitive components [7].

The optimization of CS parameters, such as gas pressure, tempera
ture, nozzle design, and standoff distance (SoD), requires a deep un
derstanding of the interaction between supersonic gas flows and particle 
dynamics. In this regard, Computational Fluid Dynamics (CFD) is a 
powerful tool, enabling detailed simulation of gas flows, particle tra
jectories, and thermal histories. Specifically, CFD models have been 
extensively used to study how different nozzle geometries and opera
tional conditions influence the supersonic flow of the carrier gas [8–10]. 
For instance, higher gas stagnation temperatures, increased stagnation 
pressures, or the use of lighter carrier gases like helium are known to 
raise particle velocities, either by boosting gas speed or density in and 
beyond the nozzle [11–13].

However, two key limitations remain. First, most CFD investigations 
assume planar substrates, whereas real repair scenarios often involve 
cavities, curved surfaces, or complex geometries that significantly alter 
particle trajectories, impact angles, and local bow-shock structures 
[12,14]. Second, while high-fidelity CFD models can capture these ef
fects, they are computationally expensive and impractical for exploring 
the high-dimensional parameter space associated with CS, especially 
when multiple process variables and geometric descriptors are consid
ered simultaneously.

To address this challenge, the integration of Artificial Intelligence 
(AI) methodologies offers a promising avenue. By training machine 
learning (ML) models on data generated from CFD simulations, it be
comes possible to construct surrogate models that can accurately and 
efficiently predict the thermo-kinetic properties of particles without the 
need for repeated full-scale simulations. These models can serve as rapid 
evaluators, enabling near-instantaneous estimation of particle behavior 
across a wide range of conditions, thereby significantly accelerating the 
design and optimization loop for the CS process [15–17]. In CS, how
ever, such approaches remain scarce. To date, the only reported CFD- 
based surrogate modeling framework for CS is the work of Mehmood 
et al. [15], which focused primarily on nozzle geometry optimization 
and did not address particle-substrate interaction or substrate geometry 
effects. More broadly, existing ML applications in CS have largely tar
geted empirical predictions of deposition efficiency or porosity [18,19], 
often without direct coupling to CFD simulations or without resolving 
particle thermo-kinetic states.

Moreover, despite their predictive power, AI models are often criti
cized for their “black-box” nature, which limits their adoption in do
mains where physical interpretability and trust are paramount [20]. In 
the context of CS, it is not sufficient to merely predict particle velocities 
and temperatures; it is equally important to understand why certain 
input parameters exert more influence than others and how they interact 
with the underlying physical principles of the process.

To address this gap, we introduce a hybrid framework that combines 
CFD, ML, and Explainable AI (XAI) techniques to enable both accurate 
prediction and interpretable analysis of particle dynamics in CS. This 
approach builds on a previous XAI study [21] and ML model based on 
Support Vector Machine [22] in atmospheric plasma spraying. Specif
ically for XAI, we employ SHapley Additive exPlanations (SHAP) [23] to 
assess the relative influence of input features on ML model outputs. By 
quantifying feature importance, SHAP enhances the physical interpret
ability of data-driven models, enabling not only the prediction outcomes 
but also a deeper understanding of the causal relationships between 
processing conditions and deposition behavior.

In this work, a high-fidelity CFD model is used to simulate particle 
velocity and temperature for varying gas temperature, gas pressure, 
particle diameter, cavity depth, cavity radius, powder feed rate, and 
stand-off distance. A carefully designed design of experiments allows 
this high-dimensional input space to be efficiently sampled using only 
40 CFD simulations. The resulting dataset is then used to train ML sur
rogate models capable of predicting particle velocities and temperatures 
across the design space with negligible computational cost. Crucially, 
SHAP analysis is subsequently employed to interpret the surrogate 
model predictions, providing quantitative insight into the relative 
importance and interaction of process parameters and geometric fea
tures. This enables not only rapid prediction but also physically mean
ingful interpretation of how gas dynamics, particle characteristics, and 
substrate geometry jointly influence particle acceleration and heating. 
This integrative approach offers a robust and scalable pathway to 
accelerate CS process optimization, reduce reliance on computationally 
expensive simulations, and support real-time decision-making in 
advanced manufacturing and repair.

2. Methodology

2.1. CFD modeling of the cold spray process

The analysis of flows through variable-area ducts is a common 
research problem in various fields. As such, analytical formulations have 
traditionally been applied to describe such gas flows under set as
sumptions. One of the simplest and widely used gas flow models is 
developed under the assumption of one-dimensional (1D) isentropic 
ideal gas flow [24]. The 1D model can be a good first approximation, as 
it is sufficiently accurate and simple to apply. On the other hand, it does 
not consider viscosity, turbulence, boundary layers, nozzle length, or 
any conditions outside the nozzle, such as bow shocks.

Similarly, particle velocity up within a nozzle can be analytically 
modeled under the assumption of diluted particle presence within the 
gas and mainly axial velocity, as follows [25]: 

mp
∂up

∂t
=

1
2
CD

(
Rep

)
ρg Ap

(
ug − up

) ⃒
⃒ug − up

⃒
⃒ (1) 

The particle acceleration ∂up/∂t, therefore, depends on the difference 
between gas velocity ug and particle velocity up, particle cross-sectional 
area Ap and mass mp, gas density ρg and drag coefficient CD. The latter is, 
in turn, a function of Reynolds number Rep dependent on the chosen 
drag model.

In an analogous way, particle temperature Tp can be described by the 
following Eq. [25]: 

mpcp,p
∂Tp

∂t
=

νλg

dp
Sp
(
Tg − Tp

)
(2) 

Here, cp,p denotes the heat capacity of the particle, ν the heat transfer 
coefficient, λg the thermal conductivity of the gas, dp the diameter of the 
particle, and Sp the surface area of the particle.

Eqs. 1 and 2 can be integrated analytically in a straightforward 
manner only under the assumption of constant gas velocity, tempera
ture, density, and drag coefficient across the divergent section of the 
nozzle. The formulas also do not solve the particle velocity and tem
perature evolution outside the nozzle, where particles interact with 
pressure waves.

CFD methodologies, on the other hand, ensure higher fidelity both 
inside and outside of the nozzle, through the solution of the full Navier- 
Stokes equations. In this study, the simulations were carried out on 
OpenFOAM 11. For the sake of computational efficiency, only a 3- 
dimensional slice of the full axi-symmetrical nozzle was modeled. The 
nozzle geometry used as a reference was the OUT1 nozzle of Impact 
Innovations (DE), with nitrogen as a carrier gas.

The pre-chamber, convergent, throat, and divergent sections of the 
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nozzle, as well as the external domain, were defined as distinct blocks 
through the blockMesh function. The external dominium, in particular, 
was delimited by the substrate cavity, which presented a spherical cap 
indentation of set radius and depth, to model typical repair defect 
preparation geometries. The mesh generation was automated through a 
Python code, to allow for the parametrization of SoD and defect geom
etry. The parametrization also allows for proper refinement of the mesh 
close to the nozzle walls and on the interface with the substrate, while 
maintaining continuity and near-square cells throughout the model. The 
mergeMesh and stitchMesh functions were also applied to this same 
purpose.

The simulations were carried out in three consecutive steps to ensure 
an accurate representation of the process, as well as a limited compu
tation cost. The aim of the first step is for the gas flow to reach steady- 
state conditions. The fluid solver module was applied, which is suit
able for transient turbulent flow of compressible fluids, with a high 
Courant number and more diffusive and stable numerical schemes. This 
setup allows for a fast first-approximation solution. The second step 
maps the results of the first as initial condition and implements the 
shockFluid solver for a density-based solution of the compressible flow. 
In this case, higher-order, more accurate numerical schemes were set, 
lowering the Courant number to avoid divergence. The combination of 
these two steps allows for an accurate description of the gas flow, 
limiting computational effort and divergence.

The third step is where particle tracking is introduced. The thermo
Cloud Lagrangian particle model was selected to model the heat ex
change from the fluid gas stream to the solid particles. The drag model 
described by Plessis and Masliyah [26] was selected, as it was deemed to 
be the best fit to CS deposition in previous studies [27]. In OpenFOAM, 
the only available heat transfer model for gas-particle interactions is the 
RanzMarshall model, based on the work of Ranz and Marshall [28]. This 
model defines the heat transfer coefficient ν using the following 
correlation: 

ν
(
Rep

)
= 2 + 0.6Re0.5

p Pr0.33 (3) 

Here, Pr is the Prandtl number of the gas, given by Pr = μgcp,g/λg, 
where μg is the gas dynamic viscosity, cp,g is the gas specific heat ca
pacity, and λg is the thermal conductivity of the gas.

The particles were injected from the inlet patch with conical injec
tion, according to the selected powder feed rate. The particle size dis
tribution was set based on the cumulative size probability distribution of 
pure Cu (≥99.9%) powder supplied by Safina A.S (Czech Republic). 
Default thermophysical properties are not available for copper; there
fore, a custom source file was created. The specific heat of copper was 
modeled with the standard NASA 7-coefficient polynomial form. Co
efficients were obtained from the NIST–JANAF Shomate data for solid 
copper (298–1358 K) [29]. Particles were set to be able to rebound off 
the nozzle walls, while interactions among particles were deemed 
negligible due to the low particle concentration within the gas flow [30].

For each simulation, the particle injection time was such to guar
antee the injection of around 500 particles, for better data distribution. 
The particle velocities and temperatures at the impact with the substrate 
were therefore extracted.

To investigate the influence of each of the input parameters, multiple 
simulations need to be run within their typical working ranges. Due to 
the computational effort required for the CFD simulations, the total 
number of runs was limited to 40 trials. Therefore, to efficiently explore 
the large multidimensional design space, a Latin Hypercube Sampling 
(LHS) strategy [31,32] was adopted. The selected ranges for each 
parameter are listed in Table 1, while Fig. 1 shows the pair plots high
lighting the uniformity of trial distributions within such ranges.

2.2. Experimental validation

The validity of the CFD approach was assessed through a three-fold 

comparison: with analytical models based on fluid dynamics calcula
tion, with the Kinetic Spray Solutions (KSS) software (Buchholz, Ger
many) [33], and with experimental particle velocity acquisitions during 
spray sessions. The calculations in the KSS software are based on a 
combination of the isentropic theoretical model with data fitted from 
CFD simulations to adapt to different processing conditions [34,35].

Concerning the gas evolution inside and outside the nozzle, the 
values of gas temperature, velocity, and pressure along the nozzle axis 
were extracted from the simulation and compared to both the isentropic 
analytical formulation [24] and the results extracted from the simula
tion tab of the KSS software. The particle velocity was instead validated 
experimentally with the HiWatch HR particle velocimetry system (Oseir 
Ltd., Finland). Impact Innovations 6/11 CS system with OUT 1 nozzle 
was employed to spray pure Cu powder with the particle size distribu
tion presented in Table 2 and the process parameters listed in Table 3.

2.3. Machine learning models

The data from the CFD simulations is used to train ML models, 
including Support Vector Regression (SVR) and Artificial Neural Net
works (ANN). Each model is trained to predict one of the two particle 
properties at the position of the substrate: the particle velocity compo
nent in spray direction vx and the particle in-flight temperature TP. The 
inputs of these models are listed in Table 1.

Despite having identical input parameters, the particle in-flight 
properties vary significantly due to differences in their trajectories 
within the gas jet. The models aim to predict the average behavior of 
particles rather than exact values. A small fraction, 2.5% of the simu
lated particles, showed unphysical behavior, such as velocities below 
100 m/s, and were therefore excluded from the dataset. The objective is 
to approximate a function f(x) that maps input vectors x to target values, 
either TP or vx. A total of 40 CFD simulations generated approximately 
19,000 data points. In each simulation, all input parameters remain 
constant for every particle, except the particle diameter, which follows 
the real particle distribution. Thus, each particle yields one sample of the 
target function. For the model fitting, the dataset was split: 80% of the 
simulations are used for training, and the remaining 20% is used for 
testing. Both ANN and SVR show similarly high prediction accuracy. 
However, the ANN requires a large number of neurons (350 neurons 
with one hidden layer for particle velocity prediction and 550 neurons 
with two hidden layers for particle in-flight temperature prediction), 
resulting in significantly higher computational costs compared to SVR. 
On the same CPU-based training setup, the SVR model required 
approximately 8 s for training, whereas the ANN required about 200×
longer training time. Therefore, the following section focuses solely on 
the SVR approach applied in this study.

2.3.1. Support vector regression
SVR is an extension of Support Vector Machines (SVM), introduced 

by Cortes and Vapnik [36]. It is a supervised learning method for 
continuous prediction. Unlike standard regression models, SVR fits a 
linear model to the data while allowing deviations up to a fixed 
threshold ϵ. The SVR model is defined as: 

f(x) = w,ϕ(x) + b (4) 

Table 1 
Data input from CFD simulations for ML model training.

Parameter Interval Unit

Gas temperature 600–800 ◦C
Gas pressure 35–50 bar
Particle Diameter 14–52 μm
Cavity depth 0.1–5.0 mm
Cavity radius 5.1–9.9 mm
Powder feed rate 48–125 g/min
Stand-off distance 20–40 mm
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Here, w is the weight vector, b is the bias term, and ϕ(x) is a feature 
transformation. The model is trained on N input-target pairs (xi, ti), 
where each xi is a vector of input parameters and ti is the corresponding 
target value. To limit prediction error, SVR uses a margin of size ϵ: 

|f(x) − t | ≤ ϵ (5) 

This defines the ϵ-tube around the predicted function, where de
viations up to ϵ are allowed without penalty. The margin boundaries 
define a region in which the predictions are considered accurate. 
However, exact adherence to this constraint is usually not possible, 
especially when the training data contains outliers or noise.

To address this, slack variables ξ and ξ* are introduced. These vari
ables measure the degree to which predictions fall outside the ϵ-tube. 
This leads to a soft margin formulation, which permits some errors while 
keeping the model complexity low. The optimisation problem of the SVR 
in its primal form becomes [37]: 

Minimize :
1
2
w2 + C

∑

i

(
ξi + ξ*

i
)

(6) 

Subject to: 

f(x) − t ≤ ϵ + ξ*
i (7) 

t − f(x) ≤ ϵ + ξi (8) 

ξi, ξ
*
i ≥ 0 ∀i = 1,…,N (9) 

Here, C is a regularisation parameter that controls the trade-off be
tween model complexity and tolerance for errors. Minimizing w2 ensures 
flatness of the regression function, discouraging overly complex models. 
The formulation is convex, ensuring a unique global solution. From the 
primal problem, a dual formulation is derived using Lagrange multi
pliers α. The solution has the form [38]: 

f(x) =
∑N

i=1

(
αi − α*

i
)
ϕ(xi),ϕ(x) + b (10) 

Only the samples that lie on or outside the ϵ-tube contribute to this 
sum. These are the support vectors. The Karush-Kuhn-Tucker conditions 
ensure that all other training samples have zero Lagrange multipliers 
and do not influence the model directly [38].

In many cases, the relationship between input and output is not 
linear in the original feature space. To address this, the kernel trick is 
used. A kernel function replaces the dot product in (Eq. 10): 

k(xi, x) = ϕ(xi),ϕ(x) (11) 

This allows the model to operate as if it were in a higher-dimensional 

Fig. 1. Pair plot of the distribution of each input parameter among different simulation trials generated with LHS.

Table 2 
Cu powder particle size distribution.

Powder D10 (μm) D50 (μm) D90 (μm)

Pure Cu 19 28 42

Table 3 
CS process parameters for experimental validation.

Gas Pressure 
(MPa)

Gas Temperature 
(◦C)

Powder Feed Rate 
(g/min)

Standoff distance 
(mm)

5 750 20.75 30
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feature space, without explicitly computing ϕ(x). The resulting predic
tion function becomes: 

f(x) =
∑N

i=1

(
αi − α*

i
)
k(xi, x) + b (12) 

In this study, the radial basis function (RBF) kernel is used. It is 
defined as: 

k
(
xi, xj

)
= exp

(

−
xi − xj

2

2γ2

)

(13) 

The RBF kernel measures similarity between samples. The hyper
parameter γ controls the spread of the kernel. By applying the kernel 
function, the SVR operates as if it were fitting a linear model in an 
infinite-dimensional feature space. However, the feature transformation 
ϕ(x) does not need to be computed explicitly [38].

Before optimization, the input data is standardised. This is necessary 
for the RBF kernel, which assumes inputs are centred around zero and 
have comparable variance. Each input feature is scaled to zero mean and 
unit variance: 

x, i =
xunscaled,i − μi

σi
(14) 

Here, μi and σi are the mean and standard deviation of feature i. In 
this study, the implementation of the SVR from the scikit library was 
used. The following hyperparameters listed in Table 4 are optimized 
using Bayesian optimization.

2.4. Explaining machine learning models with Shapley values

Shapley values originate from cooperative game theory [39]. In this 
context, a group of players collaborate to earn a reward. The Shapley 
value quantifies each player's contribution by measuring how the 
reward changes when that player joins the group.

In ML, the prediction process is often difficult to interpret. Even in 
white-box models, it is challenging to determine the individual contri
bution of each input feature xi to the model output f(x). To address this, 
an explanation model g is used to approximate f(x) as a linear combi
nation of feature contributions: 

g(f , x) =
∑M

i=0
ϕi(f , x) (15) 

Here, M is the number of input features, and ϕi ∈ ℝ represents the 
contribution of each feature. This additive model is easier to interpret 
and aligns with human reasoning.

SHapley Additive exPlanations (SHAP) adapt Shapley values to 
explain model outputs. This method was introduced in [40] and briefly 
presented in this section. For a given input x, the SHAP value ϕi quan
tifies the contribution of each feature to the prediction f(x). Analogous 
to players in a game, each feature may or may not participate in the 
prediction. The simplified input z' belongs to the set Z of all possible 
feature subsets.

Some models, such as SVR, do not support missing features. In such 
cases, missing features are handled by computing conditional expecta
tions based on background data: 

f(ź ) = E[f(z) |zS] (16) 

Here, zS denotes the subset of features included in the prediction. 

Fig. 2 illustrates this process, showing how the output is reconstructed as 
a combination of such conditional expectations. Because input features 
are often dependent, SHAP values are computed by averaging over all 
feature orderings, leading to exponential complexity O

(
2M

)
.

The base value ϕ0 represents the expected model output when no 
features are known. The SHAP values are the solution of the following 
equation: 

ϕi(f , x) =
∑

zʹ∈Z

|zʹ|!(M − |zʹ| − 1 )!

M!
(E[f(z) |zS] − E[f(z) |zS, zi] ) (17) 

The kernel method introduced in [40] was used to compute the SHAP 
values. This method uses weighted linear regression to compute the 
feature contributions. The SHAP values satisfy three important 
properties: 

• Local accuracy: The explanation model matches the original model 
for the given input.

• Missingness: Features with no effect on the prediction receive a 
SHAP value of zero.

• Consistency: If the model changes, a SHAP value does not change 
unless the contribution of a feature changes.

3. Results and discussion

3.1. Numerical model validation

Fig. 3 showcases the results of one of the CFD simulations used for 
training, with an inlet pressure of 37.61 bar and an inlet temperature of 
958.3 K. Gas velocity (a), temperature (b), and pressure (c) are displayed 
throughout the cross-section of the nozzle and of the external domain. 
Sharp bow shocks can be observed at the nozzle exit, as well as the 
interaction with the notched substrate.

The values of gas velocity, temperature, and pressure were extracted 
along the nozzle axis from the nozzle inlet until the prescribed SoD for a 
corresponding simulation on an unnotched substrate with process pa
rameters listed in Table 3, to match experimental acquisitions. They 
were then compared with the values obtained with the theoretical 
isentropic 1D model described in Section 2.1, as well as with the pre
dictions of the KSS software, as shown in Fig. 4. The isentropic model 
neglects the effects of wall friction and boundary layers, as well as the 
effect of shock waves at the exit of the nozzle. While the isentropic 
assumption is reasonably accurate up to the nozzle throat, errors in
crease significantly in the diverging section. Due to the entropy rise, the 
pressure of the real gas drops more than the isentropic pressure, and the 
dissipated energy makes the real temperature lower. Real gas velocity, 
instead, increases with respect to isentropic velocity, due to a higher 
total enthalpy converted into kinetic energy [24]. These expected be
haviors are reflected in the final CFD results when compared to the 
isentropic ones.

The KSS simulations do not reflect the same physical behavior 
consistently. They instead model the interaction between gas and a flat 
substrate in an approximate manner.

The simulated particle velocities were extracted at the moment of 
impact with the substrate and compared with the KSS software results, 
with the theoretical model of Eq. 1, and with the experimental particle 
diagnostics using HiWatch for the process parameter listed in Table 3, as 
shown in Fig. 5a. The results showed a good match between CFD- 
simulated and theoretically calculated velocities, with a mean 

Table 4 
Hyperparameter search spaces.

Model Parameter Search Space

Regularisation C 1e+1 to 1e+6
Tolerance ϵ 1e-6 to 1e-2
Kernel variance γ 1e-4 to 1e+1

Fig. 2. Explanation of a model output using SHAP values, adapted from [40].
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percentage error (MPE) with KSS software and the isentropic model of 
3.6% and 2.0%, respectively, as well as a good match with experimental 
data.

Due to the well-known difficulty in experimentally measuring single- 
particle temperatures during CS, a direct experimental validation of 
particle temperature was not feasible in this work. Consequently, the 
simulated particle temperature was only compared against KSS results, 
as shown in Fig. 5b. While this constitutes an indirect validation, KSS is a 
widely adopted reference tool in the CS community and is itself 
grounded in validated nozzle flow models. The trend of particle tem
peratures presents a good match, with an MPE of 6.1%, and the 
remaining discrepancies are consistent with the previously discussed 
differences in gas pressure and temperature evolution between KSS and 
the present CFD model.

This reliance on a CFD-to-CFD comparison represents a limitation of 
the current study. Nevertheless, the agreement in particle temperature is 
supported indirectly by the experimental validation of particle velocity 
and by the accurate reproduction of the gas thermodynamic fields, 
which largely govern particle heating.

3.2. Machine learning modeling accuracy

This section presents the results of hyperparameter-tuned SVR 
models for predicting particle velocity and in-flight temperature. Pre
diction accuracy is assessed using two statistical metrics: the mean ab
solute percentage error (MAPE) and the coefficient of determination 
(R2). The MAPE measures the average relative error between predictions 
pᵢ and simulation targets tᵢ across N data points, defined as: 

MAPE =
1
N

∑N

i=1

⃒
⃒
⃒
⃒
ti − pi

ti

⃒
⃒
⃒
⃒ (18) 

Furthermore, the coefficient of determination R2 quantifies how well 
the predictions capture the variance in the target values. For N data 
points, with targets ti, mean t, and the prediction pi, the R2 score is 
defined as: 

R2 = 1 −

∑N
i=1(ti − pi)

²2
∑N

i=1(ti − t )²2
(19) 

Fig. 6 shows the particle velocity distribution. The black line repre
sents the simulation data, while the yellow dashed line shows the SVR 
prediction. Both training and test sets form a smooth, unimodal distri
bution. The prediction closely matches the CFD simulations with a high 
R2 value of 0.982 and a low MAPE of 0.89% with root mean square error 
(RMSE) of just 5.634 m/s.

Fig. 7 shows the temperature distribution. Compared to velocity, the 
distribution is more complex, exhibiting a noticeable shift between the 
training and test sets. As a result, prediction accuracy is slightly reduced. 
The MAPE is 1.15%, and R2 is 0.882 with RMSE of just 12.659 K, but still 
indicating a good performance. SVR performs well for both properties, 
with better results for velocity due to the simpler and more consistent 
distribution.

A convergence analysis was run to ensure that the dataset size was 
sufficient to describe the target problem. Figs. 8 and 9, respectively, 
show the results for velocity and temperature SVM prediction models. 
Compared to velocity, temperature prediction exhibits higher variance 
across data splits, reflecting its aforementioned greater physical 
complexity and sensitivity to local conditions. Despite this, mean test 

Fig. 3. CFD results for the CS gas evolution on a notched substrate for: (a) 
velocity, (b) temperature, and (c) pressure.

Fig. 4. Plots of the CFD simulation results of gas velocity (a), temperature (b), 
and pressure (c) along the axis of the nozzle, compared to the theoretical 
isentropic model and the output of the KSS software.
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performance improves consistently with increasing data size, while 
variance decreases, indicating convergence toward a stable generaliza
tion regime.

The optimized hyperparameters used for the SVR are listed in 
Table 5. For velocity, the model uses a high regularisation parameter C, 
while the temperature model uses a smaller C and lower ε. This suggests 

Fig. 5. CFD simulation results of (a) particle impact velocities compared with the KSS software, theoretical and experimental velocities, and (b) particle impact 
temperatures, compared to KSS software temperatures, for different particle diameters.

Fig. 6. SVR predictions for the distribution of particle velocities.

Fig. 7. SVR predictions for the distribution of particle in-flight temperatures.

Fig. 8. Convergence analysis for the particle in-flight velocity SVM model.

R. Falco et al.                                                                                                                                                                                                                                    Journal of Manufacturing Processes 165 (2026) 461–471 

467 



that the velocity data contain less noise, allowing a closer fit. The result 
is consistent with the distribution complexities observed in Figs. 6 to 9.

The objective of this study, namely the direct prediction of thermo- 
kinetic properties, has been achieved using ML. The developed models 
are both efficient and highly accurate and can serve as surrogate models 
to predict particle velocities and temperatures. While the ultimate 
objective of this research is to enable reliable repair of different cavity 
geometries using cold gas–sprayed copper, the present result represents 
an initial step toward this goal.

3.3. SHAP analysis results

The following section presents the SHAP values calculated for the 
optimized SVR models that predict particle velocity and in-flight tem
perature across a test dataset consisting of a total of 3800 data points. 
The base value for velocity is vx,base = 491 m/s, and the base value for 
the in-flight temperature Tp,base = 730 K. These values, computed from 
the background data, represent the mean predictions.

Fig. 8 shows the SHAP values for particle velocity across the test 
dataset. Each dot represents a SHAP value for one instance (data point). 
Each row corresponds to one of the seven input features. The horizontal 
spread (x-axis) indicates the impact of that feature on the model output. 
The color represents the feature value: red indicates a high feature value, 
and blue indicates a low feature value. The vertical density of points 
reflects the distribution or frequency of SHAP values for that feature. 
Particle diameter, as well as gas temperature and pressure, are the main 
contributors to velocity prediction. The results indicate that as the 
particle diameter decreases, its contribution to the increase in velocity 
becomes apparent, a trend that is also reflected in the SHAP values. A 
high particle diameter reduces the predicted velocity by up to − 50 m/s 
from the base value. Powder feed rate, cavity radius, and depth have 
negligible influence.

Fig. 9 displays the SHAP values for particle temperature across the 
test dataset. Among all investigated features, gas temperature shows the 
strongest impact, with higher values leading to increased predicted 
outputs. Particle diameter also has a significant effect, primarily shifting 
predictions negatively at lower values. Cavity radius and powder feed 
rate appear to play only a minor role, with SHAP values centered closely 
around zero.

The average effect of each input feature on the model output across N 
data points is given by the mean SHAP values: 

ϕ =
1
N

∑N

i=1
|ϕi| (20) 

Here, ϕ is the vector of the mean SHAP values for all input features. 
Fig. 10 shows the mean SHAP values for the test dataset. Particle 
diameter and gas temperature are the most influential features for pre
dicting in-flight temperature. For velocity prediction, particle diameter, 
gas temperature, and gas pressure are the most important, while powder 
feed rate and cavity radius have little effect. (See Figs. 11 and 12.)

3.4. Discussion

The validation against analytical formulations, commercial software, 
and experimental measurements confirms the reliability of the CFD 
model in capturing the main gas-particle interactions in the nozzle. The 
particle velocity predictions were robust. Also, good correspondence 
was achieved for the particle temperatures, although the lack of direct 
experimental measurements limited the validation to comparisons with 
commercial software. This lack of direct particle temperature mea
surements remains a broader limitation in CS modeling, highlighting the 
need for future experimental techniques capable of resolving particle 
thermal histories in-flight or upon impact.

The surrogate SVR models trained on CFD data demonstrated that 
high prediction accuracy can be achieved at a fraction of the computa
tional cost of full simulations. The discrepancy in accuracy between the 
velocity and temperature prediction models reflects the more complex 
and less uniform distribution of particle temperatures observed in the 
simulation results, which were found to be strongly affected by gas- 
particle heat transfer dynamics, dependent on particle size, residence 
time, and local flow conditions. Nonetheless, both models demonstrated 
strong potential for practical deployment in CS process optimization.

By employing SHAP, the relative importance of different process 

Fig. 9. Convergence analysis for the particle in-flight temperature SVM model.

Table 5 
Optimized hyperparameters for the SVR.

Target Regularisation C Kernel variance γ Tolerance ε

Velocity 241,752 1e-2 1e-4
Temperature 1623 7e-3 1e-6

Fig. 10. SHAP values for the particle velocity test data.
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parameters was quantified, thus enhancing the interpretability of the ML 
predictions. The results revealed that particle diameter, gas tempera
ture, and gas pressure exert the strongest influence on particle velocities, 
while gas temperature and particle diameter dominate the prediction of 
particle in-flight temperature. These findings are consistent with the 
established physical intuition and with the CFD simulations themselves, 
thereby reinforcing confidence in the AI model. Conversely, parameters 
such as powder feed rate and cavity geometry were found to have 
negligible effects within the investigated parameter ranges. This sug
gests that, for certain optimization tasks, the number of relevant process 
variables could be reduced, simplifying both experimental and numer
ical design efforts. However, it must be emphasized that SHAP-derived 
feature importance, represented in the beeswarm plots of Fig. 8 and 
Fig. 9, is inherently dependent on the sampled input space; extending or 
shifting the investigated parameter ranges may yield different feature 
hierarchies.

While the results highlight the robustness of the proposed frame
work, there are opportunities for further refinement. The defect geom
etries explored in this study were intentionally simplified (spherical 
caps), with the reasonable assumption of a smooth defect preparation 
via subtractive manufacturing. Some repair scenarios might involve 
more irregular or asymmetric geometries, which can introduce non- 
axisymmetric shock structures, spatially varying particle impact an
gles, and more complex particle-substrate interactions. For instance, 
highly asymmetric features may distort the bow shock structure, intro
duce local shock strengthening or weakening, and promote flow sepa
ration and recirculation zones. These effects lead to spatially 
heterogeneous gas velocity and temperature fields, as well as shadowing 
and local jet blockage, resulting in increased variability of particle ve
locity and temperature. Consequently, predictions obtained using 
smooth, axisymmetric defect geometries may not fully capture localized 

flow deviations. Nevertheless, in practical CS repair workflows, defects 
are rarely repaired in their as-damaged state, as sharp edges, surface 
irregularities, or inclusions can hinder deposition efficiency and pro
mote shadowing effects. Therefore, some degree of premachining is 
commonly applied to obtain smoother geometries. Similarly, the current 
models predict the average thermo-kinetic properties of particles 
without explicitly considering their initial position within the gas jet. 
Since particle location can affect trajectory, residence time, and inter
action with bow shocks, incorporating this spatial dependence could 
provide an additional layer of accuracy.

4. Conclusions and outlook

This study introduced an integrated CFD–AI–XAI framework for 
predicting in-flight thermo-kinetic properties of the Cold Spray process. 
The computational fluid dynamics (CFD) model demonstrated strong 
reliability, with particle velocity predictions showing mean percentage 
errors of 2.0% compared to analytical models and 3.6% compared to 
commercial KSS software, as well as good agreement with experimental 
velocimetry data. Temperature predictions achieved a mean percentage 
error of 6.1% relative to KSS software, highlighting the greater chal
lenges in modeling gas-particle heat exchange.

The surrogate support vector regression models trained on CFD data 
provided accurate and computationally efficient predictions. Velocity 
was predicted with a coefficient of determination (R2) of 0.982 and a 
mean average percentage error (MAPE) of 0.89%, while temperature 
predictions achieved an R2 of 0.882 with a MAPE of 1.15%. These results 
confirm that the hybrid approach can capture the key thermo-kinetic 
trends of the process at a fraction of the computational cost of CFD 
simulations. Importantly, the integration of SHapley Additive exPlana
tions (SHAP) analysis ensured that predictive outcomes remained 
physically interpretable, with gas temperature, particle diameter, and 
gas pressure identified as the most influential factors.

Future developments might include expanding the training dataset 
with additional CFD simulations, particularly under varying defect ge
ometries, which would improve model generalization. Different feed
stock powders may also be studied to quantify how differences in 
particle size distributions, mass, and conductivity properties affect 
particle velocity and temperature. Upcoming work could also investi
gate multi-objective optimization, considering deposition efficiency, 
coating adhesion, and deposit quality.

In summary, the integration of CFD, artificial intelligence, and 
explainable artificial intelligence represents a robust and scalable 
pathway for advancing the understanding of Cold Spray processes and 
facilitating efficient process optimization. By combining physical fidel
ity, computational efficiency, and interpretability, the proposed frame
work facilitates real-time, data-driven control of coating and repair 
technologies.

Fig. 11. SHAP values for the particle temperature test data.

Fig. 12. Mean SHAP values of the SVR model prediction for particle temperatures and velocities.
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