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ABSTRACT

Cold spray additive manufacturing (CSAM) has emerged as a promising solid-state manufacturing technique for
fabricating metallic components and functional coatings. However, experimentally predicting particle impact
properties (e.g., impact velocity, impact temperature) and correlating them with deposition state remains chal-
lenging due to the complex interactions among process parameters, gas dynamics, and particle behavior during
deposition. These characteristics play a critical role in determining deposition efficiency (DE) and the quality
of the deposited material, thereby highlighting the need for predictive modeling frameworks. In this study, a
computational-fluid dynamics (CFD)-guided machine learning framework is developed to correlate CSAM input
parameters (i.e., gas pressure, gas temperature, particle size) with deposition state (i.e., deposition/no deposi-
tion) and DE. Three-dimensional CFD simulations are conducted under varying gas pressures, gas temperatures,
and particle sizes based on a design of experiments (DoE) to generate a particle-level dataset. The generated
dataset is then used to train machine learning (ML) models for both classification and regression analysis. Lo-
gistic Regression (LR), Support Vector Machine (SVM), Random Forest (RF), and Neural Network (NN) models
are implemented for deposition state prediction, while Ridge Regression (RR) and Gaussian Process Regression
(GPR) models are employed for DE (%) prediction, enabling a comparative evaluation of ML model perfor-
mance. Among the classification models, SVM and RF achieved the highest deposition state prediction accuracy
of ~ 98.5%, while GPR demonstrated better agreement with the CFD-generated DE trends, achieving a testing R?
of 0.896. The findings highlight the potential of CFD-driven ML approaches for improving deposition prediction
in CSAM, with significant potential to advance data-driven process modeling and intelligent manufacturing.

1. Introduction

(powder) material properties and processing conditions, process param-
eters (e.g., gas pressure, gas temperature, particle size, spray angle, noz-

Cold spray additive manufacturing (CSAM) is a solid-state
deposition process in which micron-scale particles (5-100 ym) are accel-
erated to high velocities (300-1200 m/s) and deposited onto a target sub-
strate through high-strain rate plastic deformation [1,2]. Unlike fusion-
based additive manufacturing (AM) methods, CSAM avoids melting and
solidification-related issues, such as oxidation, grain growth, and phase
transformations [3,4]. Owing to these advantages, CSAM has attracted
remarkable attention in strategic fields (e.g., 3D-printing, sustainable
repair, corrosion protection, surface functionalization), with growing
adoption across aerospace, automotive, energy, and advanced manu-
facturing sectors [5,6].

The CSAM process is primarily governed by particle impact condi-
tions, particularly particle impact velocity (v;,,) and temperature (7),).
Deposition occurs only when the v,,, exceeds a critical velocity (v,,)

imp

[7]. Since the critical velocity is strongly influenced by both feedstock
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zle geometry) play an important role in determining the overall deposi-
tion behavior in CSAM [8-10]. However, these parameters are strongly
interrelated and can significantly influence the gas flow behavior and
particle impact conditions. As a result, modeling and optimizing the
CSAM process remain complex and challenging tasks. Although several
empirical equations and semi-analytical models have been proposed to
estimate particle impact behavior and deposition conditions [11], these
approaches remain limited to fully capture the complex multi-physics
interactions governing the CSAM process.

In this context, numerical modeling of CSAM provides a powerful
tool for understanding particle acceleration, impact behavior, and depo-
sition mechanisms under various processing conditions without the need
for extensive experimental trial-and-error. In particular, computational
fluid dynamics (CFD) is an important tool for investigating flow behav-
ior, particle acceleration, and particle flow dynamics in CSAM [9,12].
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Nomenclature

Symbols

A, Particle cross-sectional area (m?)
Cp Drag coefficient

c, Specific heat capacity (J/(kg - K))

Total energy per unit mass
rr Effective thermal conductivity
Particle mass (kg)
Static pressure (Pa)
Heat flux
Temperature (K)
Particle melting temperature (K)
Particle impact temperature (K)
Gas velocity vector (m/s)
Particle velocity vector (m/s)
Critical velocity (m/s)
Particle impact velocity (m/s)
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Greek letters

Hef s Effective viscosity

p) Gas density (kg/m?)

o, Particle density (kg/m>)

Torf Effective viscous stress tensor
Abbreviations

ANN Artificial Neural Network

CAE Convolutional Autoencoder
CFD Computational Fluid Dynamics
CNN Convolutional Neural Network
CS Cold spray

CSAM Cold Spray Additive Manufacturing
DE Deposition Efficiency

DNN Deep neural network

DPM Discrete Phase Model

DT Decision Tree

GB Gradient boosting

GPR Gaussian Process Regression
KNN k-nearest neighbors

LR Logistic Regression

ML Machine learning

MLP Multilayer perceptron

NN Neural Network

PSO Particle swarm optimization
RF Random Forest

RR Ridge Regression

RMSE Root mean square error

SVM Support Vector Machine

SVR Support Vector Regression
XGBoost  Extreme Gradient Boosting

Although CFD provides detailed insights into gas flow characteristics
and particle impact conditions, it is often computationally expensive
and time-consuming, particularly for large parametric studies and pro-
cess optimization tasks. As such, this underscores the need for efficient
predictive frameworks capable of rapidly estimating deposition behav-
ior and process outcomes in CSAM, particularly by correlating inlet pro-
cess conditions (i.e., gas pressure, gas temperature, particle size) with
particle acceleration, impact behavior, deposition efficiency (DE), and
overall coating quality.

Data-driven modeling via machine learning (ML) has gained atten-
tion as a faster approach for process prediction and optimization in
CSAM. ML models can learn the relationships between process parame-
ters and deposition behavior from training datasets, enabling rapid pre-
diction and optimization of CSAM process outcomes under varying op-

Results in Engineering 32 (2026) 112792

erating conditions. A summary of recent ML-based studies in CSAM is
provided in Table 1. This body of work has demonstrated the strong po-
tential of ML-driven approaches for accelerating process optimization,
reducing computational cost, and improving the overall understanding
of complex deposition phenomena in CSAM. Despite these advances,
the current literature lacks comprehensive ML frameworks capable of
directly correlating key process parameters (i.e., gas pressure, gas tem-
perature, particle size) with deposition outcomes, including deposition
state (i.e., deposition/no deposition) and DE. In particular, the develop-
ment of robust predictive models that can accurately capture the cou-
pled and often nonlinear effects of process parameters on deposition
behavior remains largely unexplored. Addressing this gap is essential
for enabling rapid process design, improving predictive capability, and
facilitating the broader adoption of data-driven optimization strategies
in CSAM.

This study aims to address this gap by developing a CFD-guided
machine learning framework for predicting deposition state and DE
in CSAM under varying processing conditions, as illustrated in Fig. 1.
First, three-dimensional (3D) CFD simulations are developed based on
a design of experiments (DoE), considering a comprehensive range of
gas pressure, gas temperature, and particle sizes to generate particle-
level dataset describing gas flow behavior and particle impact condi-
tions. Subsequently, the generated dataset is used to train ML models
for the classification of deposition state (i.e., deposition/no deposition),
as well as regression-based prediction of DE. Multiple ML models are
compared to evaluate their prediction accuracy and robustness. The
proposed framework provides a rapid and computationally efficient ap-
proach for predicting the CSAM process across a wide range of process
conditions. Overall, this study advances the CSAM field through the fol-
lowing key contributions:

(i) Process-structure-property relationships between key CSAM process
parameters and particle impact behavior through 3D CFD simula-
tions.

(ii) Systematic implementation and comparison of multiple ML mod-
els for both classification (deposition/no deposition) and regression-
based prediction tasks.

(iii) Development of a rapid and computationally efficient framework
that reduces reliance on costly CFD simulations and experimental
trial-and-error testing.

2. Methods
2.1. Computational modeling

2.1.1. Computational domain and boundary conditions

A three-dimensional (3D) computational domain was developed to
model gas-particle flow behavior in the CSAM process. The geometry
was based on the converging-diverging (CD) nozzle used in the low-
pressure CSAM experimental setup [29]. The computational domain and
its dimensions are illustrated in Fig. 2(a). The nozzle dimensions were
measured from a commercial low-pressure CSAM system (i.e., Titomic
D523) and adopted in the CFD simulations. The nozzle consists of a
10 mm inlet diameter, a 2.5 mm throat diameter, and a diverging section
that expands to a 5mm exit diameter. To capture the evolution of the
jet after exiting the nozzle, an extended downstream atmospheric region
was included, allowing the flow to expand and develop prior to particle
impact. Spherical copper (Cu) particles were considered as the feedstock
material, while aluminum was used as the substrate.

Fig. 2(b) presents the boundary conditions applied to the computa-
tional domain. The nozzle inlet was specified using prescribed pressure
and temperature conditions, whereas the powder injection inlet and the
outer atmospheric boundaries were modeled as pressure-outlet bound-
aries [30]. Particles were injected through the powder inlet located
upstream of the nozzle throat region. The particle injection direction
was defined normal to the powder inlet surface with an initial injection
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Fig. 1. CFD-driven machine learning framework developed to predict deposition state and deposition efficiency in CSAM.

velocity of 5m/s. A total particle mass flow rate of 1.5 x 10~ kg/s was
used throughout the simulations. A flat substrate was positioned down-
stream of the nozzle at a stand-off distance of 30 mm from the nozzle
exit. The substrate was placed normal to the nozzle centerline to in-
vestigate particle impact behavior and dispersion characteristics under
different operating conditions. All nozzle walls and substrate surfaces
were treated as stationary no-slip walls.

2.1.2. Continuous phase (gas flow)

Air and helium (He) were considered as driving gases in the simu-
lations. Air was selected owing to its economic and energy-efficiency
over nitrogen (N,) and He, as well as the growing interest in air-based
cold spray applications [31]. Notably, air and N, have similar molecu-
lar weights and thermodynamic properties and therefore exhibit com-
parable gas-flow characteristics under identical process conditions and
nozzle geometries [32]. Accordingly, the trends observed for air are ex-
pected to be broadly applicable to N,. Helium was also considered be-
cause of its low molecular weight and high speed of sound, which enable
substantially higher gas and particle velocities and thus provide a use-
ful comparison for evaluating the influence of driving-gas properties on
particle acceleration and deposition behavior.

The continuous gas flow inside the nozzle and the surrounding at-
mospheric domain was modeled as a steady-state, compressible, turbu-
lent flow using a pressure-based solver. The gas phase behavior was
governed by the compressible Navier-Stokes equations representing the
conservation of mass, momentum, and energy. The governing equations
used for the continuous phase are expressed as follows [33]:

Continuity equation:

V- (pwy=0 @
Momentum equation:

V-(pu®u)=-Vp+V-1,0, 2
Energy equation:

V-[upE+pl=V-(t,,,0)-V-q 3

where p is the gas density, u is the velocity vector, p is the static pressure,
and E represents the total energy per unit mass. The effective viscous
stress tensor and heat flux are defined as:

2
Torp = dops[Vu+ (V)] - FHers (V- WL )

q=—kpsVT ®)

where i, and k, ; , denote the effective viscosity and effective thermal
conductivity, respectively.

The gas phase simulations were performed using the realizable k—¢
turbulence model [34] to capture the turbulent characteristics of the su-
personic flow. This particular model was selected because of its capabil-
ity in predicting rapidly strained and highly accelerated flows commonly
observed in cold spray nozzles. The governing equations were solved
using a coupled pressure-velocity scheme with second-order spatial dis-
cretization for pressure, momentum, turbulence quantities, and energy
equations. The numerical solution was considered converged when the
residuals of the governing equations dropped below 107°.

2.1.3. Discrete phase (particle flow)

Spherical Cu particles were considered in the simulations with a den-
sity of 8,978 kg/m? and a specific heat capacity of 381 J/(kg-K). The par-
ticle size distribution followed the Rosin—-Rammler distribution model
with minimum, mean, and maximum particle diameters of 5 um, 36 pum,
and 44 um, respectively [35]. This distribution was selected to repre-
sent the realistic powder characteristics commonly used in cold spray
processes.

The discrete-phase (particle) motion was modeled using a La-
grangian framework [34] based on the force-balance equations (i.e.,
Newton’s second law).

d5,
"rTar

4,

2

. (pp=—p) -
CEEA +

(6)

= Cpp(-7,)] +7
Pp
where m,, p,, and i, represent the particle mass, density, and velocity,

respectively. A, denotes the particle cross-sectional area, assumed circu-

lar for spherical particles. Cj, is the drag coefficient, while F accounts
for external forces acting on the particles during transport within the
gas flow field.

The deposition state (i.e., deposition/no deposition) of particles was
evaluated using the critical velocity (v,,) criterion. A particle was con-
sidered deposited when the particle impact velocity exceeded the v,,.
The critical velocity was estimated using the empirical relationship pro-
posed by Schmidt et al. [36], which has also been used in recent stud-
ies [37]:

oTs

= 0.64 16
Ver =5 p,(T,, —293)

where o is the ultimate tensile strength, 7,, is the melting point of
particles, C, is the specific heat capacity of the particles, and T, is the
particle impact temperature.

+C,,>(Tm -T,) (7
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Table 1
Overview of ML methods used in CSAM and their main findings.
References ML Method Application Key Findings Year
Falco et al. [13] SVR, ANN Prediction of particle velocity and SVR accurately predicted particle velocity 2026
temperature using CFD-based and temperature (R* ~ 0.98); SHAP showed
surrogate models that particle diameter and gas temperature
strongly influence the predictions.
Xia et al. [14] RF, Extra Trees, XGBoost Prediction of residual stress Extra Trees achieved highest accuracy (R? ~ 2026
distribution 0.995) and reproduced FEM stress fields
while reducing computation time.
Afsharnia and Butt [15] ANN, CNN, GPR, SVM, RF, GB, AI/ML applications in CSAM. Identified four AI/ML research domains in 2025
Hybrid ML (Physics-informed) CSAM and emphasized the need for
physics-informed models
Citarella et al. [16] GPR, Bilayer NN, SVR, DT Prediction of particle flattening and GPR achieved the lowest RMSE for flattening 2025
penetration depth on polymer (=~ 3.9), while the bilayer NN showed best
substrates performance for penetration depth (~ 2.3).
Perna et al. [17] DT, NN, GPR Prediction of flattening and Particle yield strength governed flattening; 2025
penetration depth based on powder density primarily controlled penetration
properties depth.
Eberle et al. [18] KNN, RF, GB, NN Prediction of DE across broad CS GB and NN achieved RMSE < 6%; gas 2025
parameters temperature showed dominant nonlinear
influence on DE.
Falco et al. [19] DNN Prediction of single-track and 3D DNN models enabled fast and accurate 2025
deposit geometry geometry prediction, improving CSAM
toolpath planning.
Wang et al. [20] Regression-based Surrogate Model Spatial distribution, impact velocity, Two-stage ML closely matched CFD results 2025
and temperature prediction while significantly reducing computational
cost.
Hamrani et al. [21] Two-stage ML and Bayesian DE optimization Combined classification and regression with 2025
Optimization Bayesian optimization to identify optimal
process parameters.
Savangouder et al. [22] MLP and PSO Prediction of input process PSO-MLP inverse model reliably predicted 2024
parameters for desired spray deposit feasible process parameters despite
profile nonlinear mapping.
Eberle et al. [23] SVR and NN Particle velocity distribution and DE Predicted average velocity (RMSE ~ 41m/s) 2024
prediction and DE (RMSE = 3.2%); single-particle
prediction was limited by plume
stochasticity.
Eberle et al. [24] RF, SVM, ANN Porosity prediction in cold spray Predicted porosity with average deviation of 2024
coatings 0-2% from experimental values after dataset
optimization.
Aparco et al. [25] EM-based Regression Model Prediction of tensile and compressive Accurately predicted residual stresses (R* up 2024
residual stresses to 0.968); thermal conductivity strongly
influenced high-stress regimes.
Lee et al. [26] CAE, CNN Powder flow monitoring Two-stage interpretable DL model achieved 2024
95% accuracy and improved noise-robust
diagnostics.
Wang et al. [27] ANN Critical velocity prediction Demonstrated that mechanical properties 2021
had stronger influence than thermal
properties; ANN achieved >95% prediction
accuracy.
Canales et al. [28] LR, SVM, kNN, RF, Polynomial Deposition window identification and Classification models better predicted DE 2020

Regression

DE prediction

from unseen data.

To capture the deposition state of the particles, the substrate bound-
ary was defined using a trap boundary condition.

2.1.4. Grid independence test

Fig. 2(b) illustrates the computational mesh employed in the model-
ing. An unstructured mesh was generated with local refinement in crit-
ical regions, including the nozzle throat, powder injection inlet, and
nozzle exit, to accurately resolve the strong flow gradients associated
with the supersonic jet. A comparatively coarser mesh was employed
in the far-field atmospheric region to reduce computational cost while
maintaining numerical accuracy. A grid independence study was con-
ducted using three mesh densities consisting of 7,530,234, 8,737,831,
and 9,542,709 elements. The axial gauge-pressure distribution along the
nozzle centerline was selected as the evaluation metric. As shown in
Fig. 2(c), the predicted pressure profiles exhibited negligible differences
among the three mesh configurations, indicating mesh-independent re-
sults. Consequently, the mesh containing 7,530,234 elements was se-
lected for all subsequent simulations, as it provided an optimal balance
between computational efficiency and solution accuracy. This mesh con-

figuration enabled accurate resolution of the gas-flow field, including
key flow features such as shock-wave formation and expansion charac-
teristics, as illustrated in Fig. 2(d)—(e).

2.1.5. Model validation

The numerical model was first validated through comparison with
experimental temperature measurements obtained under representative
CSAM conditions. A polyurethane foam was used as an insulating target
and positioned at a stand-off distance of 30 mm from the nozzle. Air was
sprayed onto the foam without powder injection at various gas temper-
atures (i.e., 200 °C, 300 °C, 400 °C) under an operating pressure of 6 bar
(gauge). The maximum surface temperature of the foam was measured
using an infrared (IR) camera (FLIR C8) after steady-state thermal condi-
tions were reached. Details of the experimental measurement procedure
are provided in the Supporting Information (see Figure S1). For the CFD
simulations, a monitoring plane was defined 30 mm downstream of the
nozzle exit, corresponding to the experimental measurement location.
The maximum temperature on this plane was extracted under the same
operating conditions and compared with the experimental results. As
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shown in Fig. 2(f), the numerical predictions were in good agreement
with the experimental measurements. The CFD model successfully cap-
tured the trend of increasing target surface temperature with increasing
gas temperature, with deviations ranging from 2.4% to 26.2%. Notably,
the deviation decreased at higher gas temperatures, reaching its min-
imum value at 400 °C. This trend is likely attributed to the increased
dominance of forced convective heat transfer at higher gas tempera-
tures, which is more accurately represented by the governing assump-
tions and boundary conditions employed in the CFD model. In contrast,
at lower gas temperatures, additional uncertainties associated with heat
losses would become more significant relative to the overall temperature
rise, leading to larger deviations.

The numerical model was further validated by comparing the CFD
predicted gas-density contours with the experimental Schlieren imag-
ing results reported by Ning et al. [38], as shown in Fig. 2(g). Since the
nozzle geometry and overall flow configuration employed in their study
closely resemble those considered in the present work, the published
Schlieren images were used for validation of the simulated flow field. In
the reference study, the flow field was visualized at a gas temperature
of 300 °C and a nozzle inlet stagnation pressure of 0.8 MPa (absolute),
corresponding to a gauge pressure of 0.7 MPa (7 bar). Accordingly, a
CFD density contour generated under comparable operating conditions
was selected for comparison. To ensure consistency with the experimen-
tal conditions reported by Ning et al. [38], nitrogen (N,) was used as
the driving gas in the CFD simulations for this validation case, which
considered a free jet flow without substrate impingement.

Fig. 2(g) compares the CFD-predicted density contour with the ex-
perimental Schlieren image reported by Ning et al. [38]. A comparable
qualitative agreement was observed between the numerical and exper-
imental results. In both cases, the jet underwent rapid expansion upon
exiting the nozzle, followed by the formation of characteristic diamond
shock structures along the jet centerline. The CFD results successfully
captured the alternating high and low-density regions visible in the
Schlieren image, with comparable locations of the shock cells. Although
minor differences were observed in the sharpness and intensity of cer-
tain flow features, the CFD model accurately captured the dominant
flow structures and density distribution within the supersonic free jet,
providing further confidence in the validity of the numerical framework.

2.2. Data-driven modeling

2.2.1. Dataset

To develop the data-driven models, a structured dataset was gener-
ated using CFD simulations based on a full-factorial design of experi-
ments (DoE) as given in Table 2. The dataset was designed to capture
the influence of key process parameters on particle behavior and depo-
sition characteristics. In this study, gas pressure, gas temperature, and
particle diameter were considered as the primary input variables, as they
directly affect particle acceleration and impact dynamics. These param-
eters were systematically varied within the operating ranges defined in
the computational model to generate a diverse set of simulation cases.
For each case, particle impact conditions at the substrate were extracted
from the CFD results. A total of 56 CFD simulation cases were performed
using both air and He as carrier gases to investigate their effects on par-
ticle acceleration, impact behavior, and deposition performance in the
CSAM process.

For data-driven modeling, the 28 He-based simulations were se-
lected because helium spray generated a broader range of particle im-
pact velocities and deposition efficiencies than air, resulting in a more
diverse and representative dataset for ML model development. These
simulations produced a particle-level dataset comprising 18,051 indi-
vidual particle-impact records, including impact velocity (v,,,,) and im-
pact temperature (7),). To assess ML models and avoid overfitting, the
dataset was randomly divided into training and testing subsets, with
80% of the data allocated for training and the remaining 20% used for
independent testing. Hence, the resulting dataset served as the founda-
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tion for training and evaluating the ML models developed for deposition
state classification and DE prediction.

2.2.2. Classification of deposition state

To predict the deposition state (i.e., deposition/no deposition), each
particle was labeled based on the critical velocity (v,,) defined in Eq. 7.
For each simulation case, the particle impact velocity obtained from the
CFD results was compared with the corresponding v,,. Cases in which
the particle impact velocity exceeded v,, were labeled as successful de-
position, whereas those with impact velocities below the critical velocity
threshold were classified as non-deposition. This procedure resulted in
a total of 18,051 labeled data points for the classification study. The la-
beling strategy is consistent with the fundamental principles of CSAM,
where particle adhesion is governed by the ability of the impacting parti-
cle to exceed the minimum velocity required to induce sufficient plastic
deformation and promote interfacial bonding upon impact.

To capture the relationship between the process parameters and de-
position state, multiple ML classification models were implemented and
compared (see Fig. 1). Logistic Regression (LR), Support Vector Machine
(SVM), Random Forest (RF), and Neural Network (NN) models were se-
lected to evaluate their predictive capability under different decision
boundary characteristics. Additional details regarding the theoretical
foundations and implementation of these algorithms can be found in
Refs. [39-41]. LR was used as an interpretable baseline model, while
SVM was included to capture nonlinear separation behavior between de-
position and no deposition regions. In addition, RF was implemented to
account for feature interactions and nonlinear relationships, whereas the
NN model was used to learn complex patterns from the CFD-generated
dataset.

2.2.3. Regression analysis for deposition efficiency

Regression models were developed to predict DE as a continuous re-
sponse variable across a range of CSAM process conditions. Gas pressure
and gas temperature were selected as the input variables due to their
dominant influence on gas dynamics, particle acceleration, and deposi-
tion behavior. The CFD-generated dataset was used to train the regres-
sion models, enabling them to learn the relationships between process
parameters and the resulting DE values. To achieve this, multiple re-
gression models were implemented and compared. In particular, Ridge
Regression (RR) [42] and Gaussian Process Regression (GPR) [43] mod-
els were selected to evaluate their performance for DE prediction. RR
was chosen because of its stability and effectiveness in handling corre-
lated input variables, while GPR was included due to its capability to
capture nonlinear relationships and provide smooth predictive behavior
for relatively small datasets [42,43].

3. Numerical modeling results and discussions
3.1. Gas flow characteristics

Fig. 3(a-b) present the CFD-predicted gas velocity contours within
the nozzle and the downstream atmospheric region under various oper-
ating conditions. Fig. 3(a) illustrates the effect of inlet gas pressure (4,
7, and 10 bar) at a constant inlet temperature of 400 °C, while Fig. 3(b)
shows the effect of inlet gas temperature (100, 300, and 400 °C) at
a constant inlet pressure of 10 bar. The corresponding static pressure
and temperature contour distributions for these operating conditions are
provided in the Supporting Information (see Figure S2). A common ve-
locity scale is used across all cases to facilitate direct comparison of the
gas flow characteristics. In addition, enlarged views of the flow field be-
tween the nozzle exit and the substrate are included to provide a clearer
visualization of the gas jet development in the particle impact region.
These contour plots provide insight into the evolution of the gas flow
field and the influence of processing parameters on gas acceleration, ex-
pansion behavior, and downstream jet characteristics, which ultimately
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Table 2

Factors, levels, and responses in the design of experiments (DoE).
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Fig. 2. Computational setup, model validation, and predicted flow-field characteristics of the continuous gas phase: (a) Computational domain and geometric
dimensions; (b) Mesh configuration and boundary conditions; (c¢) Grid-independence analysis; (d) Velocity contour; (e) Temperature contour; (f) Experimental
validation results; and (g) Comparison of the predicted density contours with the Schlieren-based flow-field observations reported by Ref. [38].



E.T. Zohora et al.

Results in Engineering 32 (2026) 112792

10 bar

7 bar

100 °C 300 °C 400 °C

Air

Air

»

| Air r 1
@] ]
S |
= 1 I
s [ He I
- , !
I
|
| Air | |
3 . !
Q |
o 1 I
(=3
= | He IL I
> 1 I
|
|
| Air 1 1
- 1
Q ] I
© 1
S |
= | He I I
<3 ==l
1o

Velocity magnitude (m/s)

- | Air : |
| = | |
. |
|
2 |
~ | He 1
= I
|
! |
| Air 1 |
l
= | 1
<
= 1
| i I
! |
Air : 1
. l.u
= |
= I
= | He | 1
o= -
I
0 460 920

1380 1840 2300

Fig. 3. Effect of operating conditions on the gas velocity field predicted by CFD: (a) influence of inlet gas pressure (4, 7, and 10bar) at a constant inlet
temperature of 400 °C; (b) influence of inlet gas temperature (100, 300, and 400 °C) at a constant inlet pressure of 10 bar.

govern particle transport and impact dynamics during the CSAM pro-
cess.

Fig. 3(a) shows that the gas velocity field is strongly influenced by
the inlet pressure. As the inlet pressure increases from 4 to 10 bar, the
gas undergoes greater expansion and acceleration within the nozzle, re-
sulting in progressively higher gas velocities throughout the flow do-
main. This effect is particularly pronounced near the nozzle exit. The
enlarged contour views further illustrate that increasing pressure not
only raises the peak gas velocity but also increases the spatial extent
of the high-velocity flow field, thereby enhancing the momentum avail-
able for particle acceleration. A comparison of the two carrier gases
(air and He) reveals significant differences in the velocity distributions
across all operating conditions. The air cases produced lower gas ve-
locities throughout the flow field. In contrast, the He cases exhibit a
substantially larger high-velocity region, particularly within the nozzle
and near the nozzle exit. This trend remains consistent across the entire
pressure range investigated. These differences are also evident in the en-
larged views, where considerably higher velocity levels are observed in
the region between the nozzle exit and the substrate for He compared to
air. The contour distributions further indicate a substantial increase in
peak gas velocity when helium is used as the carrier gas. This behavior
can be attributed to the lower molecular weight and density of helium

[44], which promotes greater gas acceleration during nozzle expansion
and results in a higher-velocity supersonic jet.

A similar trend is observed with increasing inlet gas temperature,
as shown in Fig. 3(b). Increasing the inlet temperature from 100 °C to
400 °C enhances the gas velocity for both carrier gases, resulting in a
broader high-velocity region throughout the flow field. This behavior is
consistent with the ideal gas law (P = pRT), where increasing temper-
ature raises the thermal energy of the gas molecules, promoting greater
gas expansion and acceleration through the nozzle. Compared with the
lower-temperature cases, the higher-temperature conditions exhibit a
pronounced expansion of the high-velocity region between the nozzle
exit and the substrate. This trend is further evident in the enlarged views,
which show progressively higher velocity levels as the inlet temperature
increases.

3.2. Particle flow characteristics

Fig. 4 presents the particle dispersion patterns on the substrate and
the corresponding particle impact velocity distributions under varying
CSAM gas pressure and temperature conditions for both air and helium
carrier gases. Additional particle dispersion plots for the full set of oper-
ating conditions are provided in Figures S3-S4 (Supporting Information).
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Fig. 4. Effect of gas temperature and pressure on particle dispersion and impact velocity distribution.

These results provide further insight into the effects of carrier gas type
and processing parameters on particle trajectories, dispersion behavior,
and impact velocities. In these plots, particle color denotes the impact
velocity, while particle size represents the injected particle diameter dis-
tribution. Independent of the process gas, particle impact velocity in-
creased with increasing gas pressure and temperature, consistent with
ideal gas law behavior. Higher gas pressures and temperatures increase
the gas expansion ratio and flow velocity within the nozzle, resulting in
greater momentum transfer to the particles and, consequently, higher
impact velocities.

At lower operating conditions (i.e., 4bar and 100 °C), the particles
exhibited relatively low impact velocities and a comparatively broad
dispersion pattern downstream of the nozzle for both air and He cases
(Fig. 4, top panel). Under these conditions, particle acceleration within
the nozzle is limited, resulting in lower particle momentum upon sub-
strate impact. Notably, although He produced substantially higher par-
ticle impact velocities than air, a greater degree of particle dispersion
was also observed. This behavior is likely attributed to the lower density
of He, which promotes more rapid gas expansion upon exiting the noz-
zle and increases particle sensitivity to the surrounding flow field. As
a result, particles carried by He experience greater radial spreading de-
spite their higher velocities, leading to a broader dispersion pattern near
the substrate. While such behavior may be advantageous for large-area
coating applications by increasing coating coverage, it may also com-
promise deposition resolution and thickness uniformity, particularly in
applications requiring precise material placement and fine feature defi-

nition. Notably, increasing the gas pressure promoted particle focusing,
resulting in a narrower dispersion pattern and a higher concentration
of particles near the spray axis. This behavior can be attributed to the
enhanced gas momentum and stronger particle acceleration at elevated
pressures, which reduce particle divergence during transport. As such,
higher-pressure conditions not only increase particle impact velocities
but also improve particle focusing. On the other hand, increasing the
gas temperature did not significantly influence particle focusing, as evi-
denced by the similar dispersion patterns observed when comparing the
left- and right-hand sides of Fig. 4. This behavior is likely due to the fact
that increasing temperature primarily enhances gas and particle veloci-
ties by increasing the thermal energy of the flow, while having a compar-
atively limited effect on the flow-field structure and aerodynamic forces
governing particle trajectories. As a result, higher temperatures increase
particle impact velocity but do not substantially alter particle dispersion
or focusing behavior near the substrate. As such, inlet gas pressure has
a more dominant influence on particle dispersion than gas temperature
and must be carefully controlled to achieve the desired balance between
particle focusing, coating uniformity, and spatial resolution.

The CFD results, shown in Fig. 5, are mapped into contour plots
to provide a detailed visualization of the effects of process parameters
(i.e., gas pressure, gas temperature) and particle size distribution on
particle impact velocity. Specifically, the plots illustrate the variation
in particle impact velocity as a function of gas temperature and parti-
cle diameter for both air and He carrier gases at inlet pressures of 4, 7,
and 10 bar. Additional contour plots covering the full range of pressure



F.T. Zohora et al.

Air

Results in Engineering 32 (2026) 112792

g4 E40 | (b)
2 35 = 35
5 5
= 3 5 30
= £ 25 £ s
v - - o
E 20 3 20
2 15 S
£ E 15
S 10 £ 10
5 5
100 200 300 400 100 200 300 400
Gas temperature (°C) Gas temperature (°C)
E 40| (c) E 40
=z S
- 5 35 = 35
S *qE-s 30 *230
o~ s 25 8 25
= =
2 20 2 20
2 2
E 15 E 15
& 10 A& 10 . !
5100 200 300 400 5100 200 300 400
Gas temperature (°C) Gas temperature (°C)
g 40| (e 240
= 2 35 S35
= ey
= 4§ 30 <§ 30
(=]
- £ Eos
= =
P 20 P 20
S 15 215
= 10 = 10
\/ A - ~ Tgigs 1984 gsgg 8386
5100 200 300 400 5100 200 300 400
Gas temperature (°C) Gas temperature (°C)
Impact Velocity (m/s)

135 328
[ |

Fig. 5. Contour plots of particle impact velocity as a function of gas temperature and particle diameter for air and He at inlet pressures of 4, 7, and 10 bar.

conditions investigated in this study are provided in Figure S5 (Support-
ing Information). Smaller particles (<10 um) were accelerated more ef-
fectively by the gas flow because of their lower inertia, resulting in sub-
stantially higher impact velocities. The highest impact velocities were
observed for the particles (<10 pum) at elevated temperatures and pres-
sures, whereas larger particles (>30 um) exhibited significantly lower
velocities due to their greater inertia. However, although smaller parti-
cles can reach higher impact velocities, they also exhibit higher critical
velocities [45]. Thus, higher velocity does not necessarily ensure suc-
cessful deposition, highlighting the importance of an appropriate parti-
cle size distribution [45]. Collectively, these results provide a compre-
hensive assessment of the combined effects of carrier gas type, oper-
ating conditions, and particle size on particle acceleration and impact
behavior. Moreover, the generated dataset can serve as a valuable re-
source for researchers to identify suitable processing windows, estimate

521 714 907 1100

particle impact conditions for different feedstock size distributions, and
support the optimization of the CSAM process for enhanced deposition
performance.

4. Data-driven modeling results and discussions
4.1. Classification for deposition state

Figs. 6 and 7 provide a comprehensive evaluation of the ma-
chine learning classification models (i.e., LR, SVM, NN, RF) for pre-
dicting particle deposition behavior using the CFD-generated dataset.
Fig. 6(a) compares the learning characteristics of the classification mod-
els, whereas Fig. 6(b) illustrates the corresponding deposition state dis-
tributions (i.e., deposition/no deposition) using ternary scatter plots.
Fig. 7(a) depicts the three-dimensional decision boundaries, while
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Fig. 6. Performance evaluation of classification models for deposition prediction: (a) learning curves, and (b) ternary scatter plots comparing CFD and ML

predictions.

Fig. 7(b) summarizes the corresponding confusion matrices. Collec-
tively, these results evaluate the predictive capability of the different
classification models and provide a comprehensive comparison of their
ability to reproduce the CFD-generated deposition behavior.

The learning curves shown in Fig. 6(a) demonstrate the learning per-
formance of the four classification models as the training dataset size in-
creases. For all models, the training and testing F1 scores remain closely
matched throughout the training process, indicating good generaliza-
tion capability and no significant evidence of overfitting. The learning
curves also show that the model performance gradually stabilizes with
increasing training dataset size, suggesting consistent convergence of
the classification models. Among the four models, the NN achieved the
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highest training and testing F1 scores (0.967 and 0.965, respectively),
followed closely by the RF and SVM models, whereas the LR model ex-
hibited comparatively lower F1 scores (0.924 and 0.923, respectively).
These results indicate that the nonlinear classification models provide
a more accurate representation of the complex relationships among gas
pressure, gas temperature, and particle diameter governing particle de-
position than the linear LR model.

Fig. 6(b) compares the predicted deposition state distributions with
the CFD-generated results. The classification models successfully repro-
duced the general deposition behavior observed in the CFD-generated
dataset. Minor differences are primarily observed near the transition
region separating deposition and non-deposition conditions, where
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relatively small variations in the governing process parameters may
alter the deposition state. Compared with the LR model, the SVM,
NN, and RF models more accurately reproduced this transition bound-
ary and exhibited closer agreement with the CFD-generated depo-
sition distributions. These observations demonstrate that nonlinear
classification algorithms are more effective in capturing the complex
deposition characteristics obtained from the CFD simulations. Addi-
tional comparisons of the deposition probability contours predicted by
the classification models are provided in the Supporting Information
(Figure S6).

The predictive capability of the classification models is further
assessed using the three-dimensional decision boundaries shown in
Fig. 7(a) and the corresponding confusion matrices in Fig. 7(b). The
decision-boundary plots show that the SVM, NN, and RF models more
closely reproduced the nonlinear deposition boundary than the LR
model, particularly within the transition region between deposition and
non-deposition conditions. These observations are further supported by
the confusion matrices, which show only a small number of misclassi-
fied samples for the nonlinear models. Among the four models, the SVM
and RF achieved the highest classification accuracy (98.45%), followed
closely by the NN model (98.37%), whereas the LR model achieved a
comparatively lower accuracy of 96.79%. Overall, the excellent agree-
ment between the CFD-generated deposition behavior and the ML pre-
dictions demonstrates that high-fidelity CFD simulations can be effec-
tively integrated with ML to develop accurate surrogate models for parti-
cle deposition prediction. Once trained, these models can rapidly predict
deposition behavior over a wide range of process conditions without re-
quiring additional CFD simulations, thereby reducing the computational
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cost associated with repeated CFD simulations during process optimiza-
tion.

4.2. Regression for deposition efficiency (DE)

Fig. 8 evaluates the predictive performance of the RR and GPR re-
gression models for estimating DE. Fig. 8(a) compares the learning char-
acteristics of the regression models, while Fig. 8(b) compares the cor-
responding DE contour distributions with the CFD-generated results.
DE increased with increasing gas pressure and temperature, reaching
~30% at the upper limit of the investigated process window (i.e., P = 10
bar and T = 400 °C). Notably, these results correspond to low-pressure
CS conditions, which generally yield lower DE than high-pressure CS
systems [46,47]. Nevertheless, the predicted DE is consistent with the
20-30% range reported for low-pressure CS under comparable process-
ing conditions [37,48], supporting the physical validity of the present
simulations.

The learning curves shown in Fig. 8(a) demonstrate the predictive
performance of the RR and GPR models as the training dataset size
increases. The RR model exhibits relatively stable training and testing
performance throughout the learning process, with the training perfor-
mance consistently higher than the testing performance. In contrast,
the GPR model exhibits a noticeable improvement in testing perfor-
mance with increasing training data, resulting in closer agreement be-
tween the training and testing performance. Ultimately, the GPR model
achieved higher training and testing R? values (0.951 and 0.896, respec-
tively) than the RR model (0.928 and 0.882, respectively), indicating its
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and machine learning predictions.

stronger capability to capture the nonlinear relationship governing de-
position efficiency.

Fig. 8(b) compares the DE contour distributions predicted by the RR
and GPR models with the CFD-generated results. Both regression mod-
els successfully reproduced the overall increase in DE with increasing
gas pressure and gas temperature. However, noticeable differences are
observed in their ability to reproduce the CFD-generated contour dis-
tributions. The RR model captured the general DE trend; however, its
linear formulation resulted in comparatively smoother contour patterns
and larger deviations from the CFD-generated distributions, particularly
in regions exhibiting stronger nonlinear variations. In comparison, the
GPR model more closely reproduced both the contour distributions and
the DE values across the investigated parameter space, showing better
agreement with the CFD-generated results in both the low- and high-
DE regions. These observations indicate that the GPR model is more
effective in capturing the nonlinear relationship between the governing
process parameters and DE.

Overall, the GPR model outperformed RR in predicting DE by pro-
viding higher R? values and closer agreement with the CFD-generated
contour distributions. These findings demonstrate that nonlinear regres-
sion provides a more reliable approach for modeling the complex rela-
tionship between gas pressure, gas temperature, and DE than conven-
tional linear regression. Furthermore, the predicted DE contour distri-
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butions provide a practical guideline for process parameter selection
by enabling the expected efficiency to be directly estimated over the
investigated operating conditions. In addition, they facilitate the iden-
tification of suitable gas pressure and gas temperature combinations re-
quired to achieve the desired DE, thereby supporting efficient process
optimization in CSAM.

5. Conclusion

This study developed a CFD-guided ML framework for predicting
deposition behavior and DE in CSAM. CFD simulations and data-driven
modeling were combined to investigate the effects of gas pressure, gas
temperature and particle size on deposition characteristics. Various ML
models were trained using the CFD-generated dataset, and their pre-
dictive performance was systematically evaluated and compared. More-
over, the results were mapped onto contour plots to visualize deposition
regimes across the parameter space, providing practical process maps
for identifying favorable processing windows and guiding process de-
sign and optimization. The important findings of the present study are
summarized as follows:

« Increasing gas pressure and gas temperature significantly increased
particle impact velocity and DE.
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e He produced higher particle impact velocities than air, but resulted
in greater particle dispersion. As such, although He can improve
DE, it may reduce deposition resolution, which should be considered
when selecting carrier gases for specific CSAM applications.

¢ Smaller particles (< 10 um) attained higher impact velocities, while
larger particles (30 — 44 um) exhibited lower impact velocities due to
their higher inertia and reduced responsiveness to gas acceleration.

¢ Among the classification models, SVM and RF achieved the highest
deposition state prediction accuracy (98.45%), followed closely by
the NN model (98.37%).

e The GPR model outperformed RR in capturing the nonlinear rela-
tionships governing DE, achieving a test R? of 0.896.

Beyond its predictive capability, the proposed CFD-guided ML frame-
work can support the industrial implementation of CSAM by enabling
rapid process-parameter screening while reducing repeated CFD sim-
ulations and experimental trial-and-error. Despite these benefits, the
present study is limited to CFD-generated data and the investigated pro-
cess window. Future work will therefore focus on expanding the dataset
across broader operating conditions and incorporating additional exper-
imental data. Physics-informed ML approaches will also be explored to
integrate governing physical principles into the predictive framework,
improving model accuracy, robustness, and generalizability.
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