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HIGHLIGHTS

e A two-phase modeling framework is proposed for cold spray deposit shape prediction.
o Shape parameters are derived from only one single experimental deposition profile.

e A mesh-based simulator predicts complex deposits with high fidelity.

o The model predictions show strong agreement with copper and Ti6Al4V experiments.
e The approach reduces experimental demand while improving prediction accuracy.
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Accurate prediction of deposition geometry is essential for achieving dimensional control in cold spray additive
manufacturing, repair and welding. Various approaches have been lately implemented to address this gap.
However, there is still considerable space for improvement as the existing analytical and numerical models either
lack generalizability or incur high computational costs, while most machine learning methods commonly require
large experimental datasets and often disregard underlying physics. This study presents an efficient computa-
tional framework to overcome these limitations. First, a numerical approach is developed to conveniently extract
the empirical parameters of the analytical shape-estimating model using only a single experimental deposition
profile. This approach enables the derivation of the deposit shape parameters and the relative deposition effi-
ciency as a function of impact angle. In the second phase, a mesh-based simulator is introduced, incorporating
these parameters along with an enhanced shadowing algorithm tailored for thick and complex depositions. The
robustness of the parameter extraction method is validated through a parametric study, and the predictive
capability of the model is verified against experimental data for pure copper and titanium alloy Ti6Al4V under
various spraying conditions. Moreover, various demonstrations highlight the utility of the predictive model for
potential toolpath planning to control the deposition shape. The proposed framework enables accurate simula-
tion of the deposition profiles with minimum experimental input, offering an efficient and physically consistent
tool for cold spray deposit shape prediction and control.

1. Introduction formation of joints and deposits that are free from solidification defects

such as hot cracks typically associated with fusion-based technologies

As an emerging deposition technique, cold spray (CS) has been
employed to deposit a wide range of materials, including metals, com-
posites, cermets, metallic glasses, and high-entropy alloys [1-4]. The
solid-state deposition feature distinguishes the CS process among ther-
mal spraying techniques, preventing metal melting. This characteristic is
shared with other advanced manufacturing or joining techniques like
friction stir welding and binder jetting, and critically enables the
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[5-7]. Consequently, this CS feature makes it capable of thick deposition
with low porosity and minimum residual stresses [8]. These advantages
have expanded CS applications beyond coatings to include additive
manufacturing (AM), repair, and welding [9-12]. In such applications,
geometrical control of material buildup is as crucial as achieving
desirable structural properties. Nevertheless, the spraying nature of CS
processes imposes significant limitations on geometrical accuracy and
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the possibility of obtaining uniform deposition profiles [13,14].
Currently, iterative approaches are predominantly used for controlling
the deposit shape. Therefore, expanding the applicability of CS within
industrial contexts necessitates the advancement of shape predictive
methodologies across varying toolpaths, process parameters, and ma-
terial selections.

Early efforts in CS deposition prediction began with Cai et al. [15],
who leveraged the Gaussian shape of a single track profile to define
Gaussian curves to fit experimental data of track profiles at different
stand-off distances (SoD), estimating coating thickness through curve
superposition. A similar approach was later adapted to incorporate the
effects of spraying angle [16], nozzle speed [16], and non-planar sub-
strates [17,18]. However, despite the interesting results, the models
could not account for the obstructive effect, known as the “shadow ef-
fect”, that occurs on non-convex surfaces, preventing material deposi-
tion in certain areas. Capturing the shadow effect is indeed crucial for
accurate predictions in multi-layer AM applications. A numerical solu-
tion featuring an algorithm for detecting surface obstructions was sug-
gested by Wu et al. [19] to address this issue. This model represents the
particle jet with a divergent conical shape to capture the behavior of the
gas stream more accurately. Nonetheless, the new model can become
computationally intensive when aiming for smooth and accurate simu-
lations, as its performance depends on the number of cylindrical rays
used to discretize the particle jet. It also only considers the spraying
angle on the initial surface, which may result in a loss of accuracy as the
deposition grows [13]. An FE model exhibiting similar deficiencies was
also developed later by Li et al. [20].

Around the same time, to leverage the physical phenomenon of
spraying, Klinkov et al. [21,22] proposed a new analytical model that
describes the deposition growth rate over time and space using a partial
differential equation (PDE). The PDE determines the deposition at a
given point and a time interval based on the deposition profile and the
relative deposition efficiency (DE) associated with the impact angle,
which is defined as the angle between the substrate normal and the
nozzle axis. This model suits complex and thick CS processes, encoun-
tered especially in AM applications, as it incrementally updates the ge-
ometry during spraying. Subsequently, Vanerio et al. [23] developed a
3D mesh-based program that integrates an updated Klinkov's approach
with the shadow effect algorithm developed in [19]. The proposed
model adds flexibility in terms of nozzle trajectory and substrate ge-
ometry. Its ability to account for various process parameters was
experimentally validated, exhibiting robustness also in the case of non-
planar substrates (e.g., repair and welding), superimposed tracks and
non-Gaussian particle jet distribution profile. Although this model
showed great potential for various applications [24], it was limited to
simulating a single track at a time and did not fully consider nozzle
divergence effects by varying SoD, which are important for realistic
additive build scenarios. Recently, Xing et al. [25] developed a
computational fluid dynamics-integrated, layer-stacking method for 3D
profile prediction in CS additive manufacturing, incorporating a critical
velocity criterion to regulate DE. While their model achieves high ac-
curacy and requires no experimental input, it involves high computa-
tional costs. Additionally, it remains unclear how the model accounts for
the shadow effect, which can significantly influence deposition out-
comes in multi-layer and complex geometries.

Alternatively, machine learning (ML) models have been more
recently leveraged to predict CS deposition shape without the need to
define explicit equations. Instead, they are trained directly using
experimental [26-28], numerical [29], or combined data [30]. Mostly
based on neural networks, these models are able to flexibly capture
complex behaviors [13]. In addition, when trained with empirical data,
they can implicitly account for subtle effects that are often overlooked or
simplified in analytical models. Nevertheless, to achieve adequate
generalization, ML requires large datasets and retraining for each ma-
terial system. Physics-guided ML models offer a potential middle ground
by embedding physical insights to reduce data needs [29,30]. Still,
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further development is needed to improve their reliability, especially for
multi-layer, thick depositions typical of CS additive manufacturing [29].
Comprehensive details on the various ML-based methods used to
simulate deposition shape are given in [29].

All the aforementioned predictive approaches require calibration
using experimental data. In analytical models, this is done by defining
material- and process-dependent constants, while in ML models, cali-
bration occurs implicitly through training. For instance, Klinkov's model
[21,22] incorporates two distinct parameters characterizing the depo-
sition shape, as well as a functional expression for the impact angle
dependence, each of which typically necessitates multiple experimental
runs for accurate determination. To calibrate the parameters and the
impact-angle-dependent function, two main methods exist: trial-and-
error comparison of simulations with experiments [23], and direct
measurements (e.g., weighing samples before and after spraying, espe-
cially applicable for impact angle effects) [19]. Typically, seven or eight
experimental deposition profiles (two or three for shape-dependent
parameters and four or five for the angle-dependent function) are uti-
lized to calibrate the analytical model using these approaches. This
makes the predictions relatively time-consuming and costly. Moreover,
when the thickness of the deposited layer produced by inclined spraying
exceeds relatively thin profiles, the assumption that the measured DE
corresponds to the initial substrate angle becomes invalid.

To systematically address these challenges and reduce the experi-
mental effort needed for model calibration and shape prediction, this
study introduces a numerical framework structured in two main parts.
First, we introduce a numerical approach designed to extract the key
features of the analytical model, namely, the parameters governing
deposition shape and the DE as a function of impact angle, using just one
experimental test. This model is then validated using experimental
profiles obtained from deposits with various pass numbers. Its results are
then passed to the second phase for simulation, where a new mesh-based
solver for the analytical model is proposed, which addresses the limi-
tations of the earlier models, especially regarding the integration of a
new shadowing effect algorithm. Finally, a comparison with experi-
mental data and other computational methods is performed to demon-
strate the accuracy of the output of the developed framework.

The specific technical objectives of this research are:

To significantly reduce the experimental burden for model calibra-
tion by precisely determining all material- and process-dependent
analytical constants from a single deposition profile.

To implement a physically accurate deposition model by incorpo-
rating advancements such as a divergent particle jet and calculating
growth along the surface normal.

To ensure high geometrical fidelity for complex and thick structures
through a novel, mesh-independent shadowing algorithm.

To develop a framework with the flexibility to simulate arbitrary
toolpaths and nozzle orientations for efficient toolpath planning and
macro-shape control in AM and repair applications.

. Analytical fundamentals

In this section, we present a brief overview of the analytical foun-
dations of Klinkov's model, which forms the basis of the subsequent
numerical model. We also delineate the enhancements introduced to
improve the model's fidelity to physical phenomena.

These modifications include introducing a relative DE to capture the
effects of SoD, as proposed in [23], and scaling the deposition shape at
different SoDs to maintain consistent mass deposition while accounting
for a divergent particle jet.

Klinkov's 3D model defines the growth rate (%f) as a function of
distance to the nozzle axis (r) and the impact angle (@) as follows [22]:
0Z

— = A-DE(a)-J(r)

ot M
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Fig. 1. (a) Schematic of single-track deposition cross-section illustrating the effect of analytical model's main parameters on the profile. (b) Scaling the deposition

shape with respect to the SoD while maintaining a constant deposition volume.

In Eq. (1), A is a constant that determines the deposition rate and
depends on the process parameters, such as the powder feed rate, nozzle
speed, etc. DE(a) represents the relative DE as a function of the impact
angle, a, and J(r) is the particle distribution. DE(@) equals 1 when the
nozzle axis is perpendicular to the substrate and gradually decreases to
zero as the angle between the nozzle axis and the substrate approaches a
critical limit, denoted by a,, [22].

It is assumed that particles travel parallel to the nozzle axis, with the
majority remaining closer to the nozzle axis. This assumption has been
validated by empirical observations, making an axisymmetric distribu-
tion an effective way to describe the deposition shape based on a point's
distance from the nozzle axis, when using axisymmetric nozzles of cir-
cular profile [22]. Although this may not hold for all powders and
particle size distributions [23], a Gaussian-based function is widely
accepted for expressing the particle distribution J(r) as shown in Eq. (2)

[24].
2
eXP(’Q(,:,) )exp(k2)
J(r) = 2
(r) 1= exp( k) , <1 @
0, r>rp

In the above equation, rp determines the boundary of the spraying
area, while k, defines the steepness of the deposition shape. A higher k,
results in more concentrated particle jets, whereas lower k, values lead
to more uniform distributions. Moreover, a mathematical relation for
DE(a) is derived by fitting a curve to experimental tracks obtained for
several nozzle inclination angles. It should be noted that all the pa-
rameters, i.e., A, ks, rp, and DE(a), are commonly determined experi-
mentally and vary depending on the material system and CS process
parameters. Fig. 1a schematically illustrates the effects of A and k, on
the cross-section profile of the deposition shape.

Klinkov's model [21,22] assumes that particles travel parallel to the
nozzle axis, implying a cylindrical gas stream shape. However, since the
exiting gas pressure is higher than the ambient pressure, the stream
continues to expand after leaving the De Laval nozzle [31,32]. This
assumption has been supported by experimental observations where the
deposition width is always larger than the nozzle diameter and increases
as the SoD grows (see Fig. 1b). To account for these effects, we scaled the
deposition profile accordingly using a mass conservation approach.
Assuming a constant k; and feed rate, the new deposition profile for a
different SoD can be derived from a reference SoD as follows
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After performing the integration and simplifying the expression, the
final equation is described as:
,;ef
rp(SoD)

3

ref |

A=A @

In addition, SoD can affect the DE. When SoD exceeds an upper
bound critical threshold or falls below a lower bound critical threshold,
the particles either fail to acquire sufficient kinetic energy for proper
adhesion or begin to lose the requisite momentum for effective deposi-
tion onto the substrate before reaching it [19]. Generally, the function
DE(SoD) is derived by fitting a polynomial to the experimental results.
By adding the mathematical expression of the mentioned considerations
to Eq. (1), it can be rewritten as follows:

6(Zn

s . (t,SoD,r,a)) = A(SoD, t)-DE(a, t)-J(r,SoD, t)-DE(SoD, t)

)
where Z,, represents the surface normal at a given point and time.

By selecting a specific SoD as the reference value, and measuring the

resulting deposition width, i.e., ZrZ,ef , the divergence ratio of the particle

jet can easily be calculated. The deposition width, 2rp, at any other SoDs
can then be determined using simple geometrical relations. On the other
hand, DE(SoD) remains close to 1 when the SoD is kept within an optimal
range, which is typically maintained during spraying. Therefore, the
most influential parameters on the deposit profile are A™, k,, and DE(«).

3. Numerical framework

The following subsections provide details of the numerical model
used to solve Eq. (1) over a general spatial and temporal domain. As
mentioned, the prerequisite to solving Eq. (1) is the proper determina-
tion of empirical constants, which are usually derived from multiple
experimental tests for each material and CS process parameters. In this
section, we first describe a systematic numerical approach developed to
determine these constants using only one single experimental deposition
profile. Subsequently, we outline the second phase, which is a mesh-
based model developed to simulate the CS deposit shape formation.
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Fig. 2. (a) Schematic illustration of the methodology developed for extracting empirical constants from a single experimental profile. (b) The discretization of the
time during which a point at x = 0 is subjected to the influence of a transversing nozzle.

3.1. Phase I: analytical model's constant extraction

The notion underlying extracting empirical constants from a single
experimental test is shown in Fig. 2a. By tracking surface points after
each spray pass, we observe that as the material accumulates layer by
layer, each point experiences different impact angles over time. In
addition, the final shape of deposition is a result of the superimposition
of several deposition profiles. Hence, considering the evolution of what
individual points are experiencing as the deposit grows, all the necessary
information can be extracted from a single experimental profile. Here
we propose an effective method to extract this information.

Herein, a single-track deposition refers to material deposited by
nozzle movement along the y-axis (refer to Fig. 2b) at a constant
transverse speed of v;. Each single track may contain multiple nozzle
passes on the same trajectory. In addition, we assume the cross-sectional
profile of the deposits remains constant along the spraying direction, i.
e., y-axis, apart from its extremities.

Since extracting empirical constants from a single-track deposition

1 T T T T
y=0.1r,
0.8+ —y =0.2r,
y = 0.3r,
—1y = 0.4r,
0.6 —y = 0.57,
s =1y = 0.6r,
™ —y = 0.77,
0.4 —y = 0.87,
=1 = 0.97,
—y =Ty
0.2 ieee 5P poly fits
P eSS
0 2 4 6 8 10 12
ko

(b)

Fig. 3. Representative J, curves and the corresponding 5th-order polynomial fits at (a) x = 0, (b) x = 0.5r;,.

profile is an inverse problem, incorporating physical insights is essential
to constrain the solution space and ensure realistic and meaningful
output. To do that, we first consider a point located at x =0 in a
spraying process, where the highest amount of deposition occurs. Due to
the shape of the particle jet, it is reasonable to assume that in a single-
track deposition, where the nozzle axis stays perpendicular to the sub-
strate, the impact angle at points located at x = 0 always remains 90°. It
should be noted that this assumption remains valid only as long as the
deposit shape is symmetric and the peak does not exhibit a significant
slope. Consequently, the experimental input for this code should be
obtained from a multi-pass deposition on a flat substrate. While the
number of passes must be sufficient to extract DE(a) at high impact
angles, the resulting peak should remain smooth enough to ensure that
the underlying assumption continues to hold. Also, assuming the given
SoD as the reference, Eq. (5) can be simplified as follows:

Zs,
dt

L AY.g (r(t) g ) (6)
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Table 1
Polynomial coefficients computed for different points along the deposition
profile.

Point x =0 x = 0.25r, x = 0.5, x = 0.75r,
position
Cy 1.37 x 10°° 1.65x 10°° 2.24 x 10°° 9.56 x 107°
c — 4.49 x — 5.50 x — 7.07 x - 1.75x%

4 10-° 10-° 10-° 10-°

. —1.74x
Cy 4.53x 1074 579 x 1074 6.44 x 104 104

. —2.20x
Cy 1.49 x 107* 10-4 1.32x 1073 6.28 x 1073
c — 3.50 x — 4.08 x —5.31x —522x

B 102 1072 1072 102
Co 0.33 0.31 0.25 0.15
Average R? 1.0000 1.0000 1.0000 1.0000

Experimental profile

Nozzle speed
Pass number

Point number
Tp

Solve Eq. (10) for 1000 evenly

vg X Peakpy, 20]

‘—I
| First refinement I——?l First (A”f ) kz) /
[

Compute
dispersion index

distributed A in 27, X Npss |

Compute Num deposition.
Exp & Num deposition error.
Adjust DE().

@ Yes]

the lowest
dispersion index?

No
A2

Final refinement.
Return (A", k,) and DE().

Fig. 4. Flowchart of the algorithm developed for extracting empirical param-
eters of Eq. (5).

As seen in Eq. (6), the equation no longer depends on spatial vari-
ables and has been reduced to an ordinary differential equation (ODE).
In addition, the total time during which a point at x = 0 is influenced by

re

f
the nozzle is 2:—‘: This represents the time, starting from when the nozzle

starts to pass over the point until it has fully moved past it (see Fig. 2b).
Now, if we split this time into M small intervals, Eq. (6) can be stated as
follows:

M
AZo o =AY At (1) @
n=1

Considering the symmetry of the deposition shape, the number of
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passes, and expressing r,, in terms of At, the total deposition height at a
point at x = 0 can be estimated by:

M-1

2
AZy |, = oo ALA™ S J, (mat, T ) (8)
n=0

The right-hand side of Eq. (8) represents the final deposition height
after Npqs passes, which is known. However, A and J, are unknown,
with J, being a function of k,. Moreover, the shape of J,,, Eq. (2), is not
convenient for numerical solutions. To overcome these issues, first, a
reasonable range is considered for k,, from 0.1 to 12, and a 5th-order
polynomial is fitted to each J,. Fig. 3 illustrates the J, curves and the
corresponding 5th-order polynomial fits (red dotted lines) as a function
of ky for M = 21.

Substituting the new polynomial expressions for J, into Eq. (8), gives

M-1

=92 Aref 2,.;ef l 2 ks k4 k3
- Npmx B V. M Z [CS.n 2+C4.n 2+C3,n 2

s n=0

+ Conk2 + Cy ks + CO.n]

AZy |, 9)

For a given M, the sum of the polynomial coefficients can be
computed directly, simplifying the evaluation of the total deposition
height at specific points, as listed in Table 1. Note that M must be an odd
integer and sufficiently large to ensure that the sum of the polynomial
coefficients converges.

The final form of the Eq. (9) is

g . .
AZy | o = 2Np,mA"efv—P [Ceks + Chky + Coki + Cok3 + Cika + Co) - (10)

with Cs = 1%/12 Cspn, CZ = A%ZQ,H’ C; = %42 Csn, Cy = ﬁZ Con, C) =
%Z C]_n, and CS = %Z C07n.

Now, by varying A" or k, in a reasonable range (e.g., A €

{"Sxp edksp 20} , k2 €[0.1,12)), a set of possible (A", k,) pairs can be

2rp X Npass

obtained. However, the set remains too large to efficiently search for the
corresponding DE(a). To refine the set of possible (A" of ,kz) values, we
evaluate some other points located at x > 0, and then compute their
deposition heights without considering the effect of impact angle. Since
DE(a) is less than one at these points, if the computed deposition height
does not exceed the experimental value, the corresponding (A, k,)
pair can be excluded from the solution domain. Fig. 4 outlines the
overall algorithm used for extracting empirical constants, including this
initial refinement step.

After the first refinement, the solution space for (A’ef ,kg) becomes
significantly constrained. At this stage, it is computationally feasible to
evaluate each remaining pair and identify the corresponding DE(a). To
do so, an iterative algorithm has been developed that tracks the impact
angle and adjusts its associated DE for selected points at x > 0. The al-
gorithm begins by generating a random set of DE(a) values between
0 and 1 using MATLAB's built-in random number function. Because this
initialization is entirely random, each execution of the code, even with
identical inputs, produces a different set of DE(«) initial values. These
values are subsequently reordered in descending order to ensure con-
sistency with the physical behavior observed during spraying. When the
nozzle is initially perpendicular to the substrate, the impact angle is
close to zero and DE is high; as the deposit grows and the local surface
slope increases, the impact angle rises, and DE progressively decreases in
subsequent passes. Although the initialization introduces randomness,
its influence on the final solution is negligible because the optimization
routine systematically converges toward a unique DE(a) distribution
with minimal dispersion for the corresponding a values. This procedure
preserves both the expected physical trend and the stability of the final
solution. Afterward, the numerical growth at the selected points,
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Fig. 7. (a) Schematic representation of the shadow effect. Potential issues with the ray-scanning scheme: (b) A false positive detection caused by misalignment of the
mesh at different heights, and (c) a false negative detection due to an insufficient number of rays. (d) Illustration of the new shadowing scheme.

calculated using the current DE(a), is compared with experimental
measurements. Based on the differences between them, the DE(«a) values
are iteratively adjusted to minimize the error.

Once the numerical prediction at the selected points matches the
experimental deposition profile, the dispersion in the resulting DE(«)
distribution is calculated. Physics dictates that similar impact angles
should result in the same DE. Hence, the optimal (A’ef ,k2) pair would be
the one that yields the least dispersion in DE(a).

Finally, a second refinement is performed by comparing the experi-
mental and numerical peak heights of the track profile. This step corrects
the values of A™ and ks, as the initial assumption, i.e., the point located
at x = 0 is entirely unaffected by DE(a), introduces small errors and
leads to an underestimation of these parameters.

To quantify the dispersion index, the distribution of DE(a) is parti-
tioned into intervals of four degrees, and the standard deviation within

295

each interval is computed. The mean value of these standard deviations
across all intervals is then defined as the dispersion index.

Moreover, an early stopping criterion is implemented in the code to
avoid checking all possible (A", k) pairs. If the dispersion index in-
creases for ten consecutive pairs, the program stops and returns the pair
producing the lowest dispersion index. Once the empirical constants are
determined, the second phase of the developed framework focuses on
solving Eq. (5) for an arbitrary spraying process.

3.2. Phase II: deposit growth simulation

In this section, we present the 3D mesh-based model capable of
simulating the deposit growth with full flexibility in substrate geometry,
nozzle trajectory, and nozzle speed.

Eq. (5) constitutes an initial-boundary value problem defined over
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both spatial and temporal domains, for which the finite element method
provides a robust and systematic numerical solution. Here, we present
the developed code to solve Eq. (5) and its key features. We begin by
describing the spatial discretization, followed by the concept of the
shadow effect and the newly developed algorithm to simulate it. Next,
we outline the code's flexibility in defining various toolpaths and nozzle
orientations. Finally, we describe the explicit method used for temporal
discretization and solving the PDE.

3.2.1. Spatial discretization

The substrate surface is provided as an input to the developed pro-
gram in the form of a stereolithography (STL) file, which is discretized
using bi-linear triangular elements (triangles with three vertices). Each
STL file contains two matrices: one for the nodal coordinates and
another for the element connectivity, which defines the number of nodes
per element. The meshing procedure can be performed using any com-
mercial software, such as Abaqus, that supports STL file export. Fig. 5
illustrates some examples of substrates with various levels of complexity
(non-convex, curved, dented and prone to shadow effect) that can be
processed by the code.

A mesh refinement subroutine has also been embedded in the code to
keep the size of the elements within a reasonable range during the
simulation. In this function, an element is refined when one of its edge
lengths surpasses a pre-defined threshold (see Fig. 6). The mesh
refinement process can be configured to run at specified increments such
as every n simulation steps to optimize computational efficiency.

3.2.2. Shadow effect
The concept of shadow effect was first introduced by Wu et al. [19],
highlighting that certain convex features on the substrate can obstruct
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particle flight, thereby preventing deposition on lower surfaces as
depicted in Fig. 7a. While the conceptual basis of the shadow effect is
relatively straightforward, its practical implementation presents
considerable challenges. Wu et al. [19] proposed a ray-scanning strategy
in which multiple rays (modeled as very narrow cylinders) radiate from
the nozzle to determine whether a surface region is obstructed by
another part. Vanerio et al. [23] adopted the same approach, excluding
elements located farther from the nozzle from deposition if closer ele-
ments block the particle path.

However, this strategy has certain limitations, leading to inaccura-
cies in identifying shadowed elements. These limitations, as shown in
Fig. 7, include: i) when modeling the particle jet as a divergent truncated
cone, the density of rays decreases as SoD increases. This can result in
missed shadowed elements if they do not intersect with a ray, reducing
the accuracy of shadow detection. ii) elements at different heights must
be properly aligned for the ray-scanning scheme to identify them
correctly. Should a ray intersect a lower element but fail to identify a
node or element centroid on the upper surface, owing to its trajectory
passing between such features, the method will overlook the shadowed
node or element (as illustrated in Fig. 7b) and iii) the user must define
the number of rays based on the mesh size. This dependency prevents
the use of different mesh sizes or free mesh generation schemes,
restricting the ability to handle complex geometries (Fig. 7c).

To address the aforementioned limitations, the present model in-
corporates a novel methodology for shadow detection. In this method, a
line is projected upward from each affected node in a direction parallel
to the spray stream boundaries, converging toward the nozzle axis. If the
projected line intersects an element positioned at a higher elevation, i.e.,
with a greater Z-coordinate, then the node in question is classified as
shadowed. Otherwise, if no such intersection occurs, the node is
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Table 2
Specifications of experimental tests used to validate the developed framework.
Sample Powder Nozzle SoD Spraying # #
material speed (mm) angle Passes Tracks
)
s
1 Pure Cu 75 30" 0 20 1
2 0 14
3 0 10
4 15 14
5 30° 14
6 45° 14
7 0 14 2
8 0 14 3
9 Ti6Al4V 250 30" 0 40 1
10 [34] 0 20
11 0 10
12 10° 20
13 20° 20
14 30° 20
15 150 0 20
16 350 0 20
Shadow 250 30° 20
effect

# SoD was preserved throughout the experiment, meaning the nozzle height
increased after each pass. The same condition has been applied in the
simulations.

b Nozzle height position remained constant throughout the experiment. The
same condition has been applied in the simulations.

considered exposed and eligible for deposition.

Fig. 7d illustrates the schematic of the new shadowing algorithm: red
dots denote affected nodes, while yellow dots indicate shadowed nodes,
even though they lie within the nominal particle jet. These nodes are
blocked because their projected lines intersect with higher elements,
thus preventing deposition.

The new shadowing algorithm not only overcomes the limitations of
the previous scheme but also operates independently of user input, mesh
size, and alignment, making it fully automated. The routine developed
for identifying sprayed nodes also returns r, rp, and SoD for each affected
node.

3.2.3. Toolpath design and impact angle calculation

After developing the subroutines for mesh refinement and shadow
effect detection at a given nozzle position, the next step is to enable the
code to interpret nozzle trajectories during the simulation and compute
the impact angle for each affected node. This is achieved through a
subroutine that divides the toolpath into n user-defined increments,
based on the nozzle's start and end positions and orientations. The
subroutine generates a matrix containing the nozzle's position and di-
rection at each increment. If the nozzle direction changes between the
start and end points, the code performs a linear interpolation to deter-
mine the direction at intermediate positions. The current version im-
poses no restrictions on nozzle motion or orientation. Moreover, the
subroutine can approximate circular movements by decomposing them
into multiple linear segments.

Furthermore, a subroutine is required to calculate the surface normal
at each node. This is accomplished by fitting a plane to the nodes located
within a specified distance from the affected node and computing the
corresponding normal vector. This non-local approach reduces numer-
ical noise and helps preserve the smoothness of the evolving deposition
profile. Computed normal vectors, together with the nozzle direction,
are used to determine the local impact angle at each node. Importantly,
in the current implementation, deposition growth is modeled along the
surface normal, unlike previous implementations which assumed
growth along the nozzle direction [23,24]; this feature makes the new
model more realistic. The normal vector calculation subroutine is
executed after each increment or mesh refinement to update the normal
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of existing elements or compute them for newly generated ones.

3.2.4. The PDE solver

By defining the particle jet through the simulation, the boundary
conditions in Eq. (5) are considered implicit. Hence, it needs to be solved
in the temporal domain. The Heun method [33], also known as the
modified Euler method, was employed to solve the PDE explicitly. Using
this approach, the growth of each node is determined based on the
duration for which it is exposed to the particle jet, with these temporal
intervals computed based on the nozzle transverse speed and the total
path length of the tool trajectory.

Euler-Heun is a second-order predictor-corrector method that aver-
ages the slopes at the beginning and end of the interval [t,, t, + h], where
h represents the time step. This method has second-order accuracy,
meaning that if the time step is halved, the error decreases by a factor of
four [33]. It can be expressed as:

h _
(Z(Zn;417tn>1)+z(zn; 7tn))

Zni1 :ZHS+§ an
where
Zn;+1 = ZnS +hZ(Zns, tn) (12)

This method significantly enhances computational efficiency. In
contrast, the first-order Euler method requires the use of significantly
smaller timesteps between successive nozzle positions to maintain a
comparable level of accuracy. On the other hand, the Heun method al-
lows for larger timesteps while maintaining a precise representation of
the temporal intervals during which the nozzle remains at each position.
To ensure numerical stability and timestep independence in the simu-
lations, a detailed timestep sensitivity analysis was conducted, as shown
in Fig. 8. Two aspects were investigated: (i) the convergence behavior
for a stationary nozzle and (ii) the surface smoothness for a continuously
moving nozzle. For the stationary case, a single-spot deposition on a flat
substrate was simulated to determine the minimum timestep required
for convergence of the deposition peak height. As illustrated in Fig. 8a,
the first-order Euler method required a timestep smaller than 0.1 s to
reach convergence, whereas the Heun method achieved comparable
accuracy with a larger timestep of 0.5 s, confirming its superior nu-
merical efficiency and robustness.

For the moving nozzle case, the smoothness of the final deposition
shape was evaluated by defining a dimensionless timestep parameter,

» _ timestep X Vs

dt
Dy

13)

where Dy stands for nozzle diameter. Analyses performed for a four-pass
deposition (v =75 mm/s, Dy = 6 mm) demonstrated that both the PDE
solver timestep and nozzle motion parameters significantly influence the
resulting shape. The final deposition profiles along x = 0 were compared
(see Fig. 8b). A quantitative comparison using the coefficient of deter-
mination (R?) between the reference curve (dt* = 0.025) and those
obtained with larger timesteps (see Fig. 8c) indicated that dt* < 0.625
ensures a sufficiently smooth and physically realistic deposition profile.
The corresponding profiles for dt' =0.025 and dt' =1.625 are
compared in Fig. 8d. This criterion was subsequently applied throughout
the simulations to maintain both accuracy and computational efficiency.

The following are the key new features that distinguish the current
framework from previous implementations:

o Extended flexibility in nozzle path and direction.

o The particle jet is modeled as a truncated divergent cone, providing a
more realistic representation of the jet distribution.

e Deposition growth is calculated along the surface normal rather than
the nozzle axis, offering a more physically accurate approach.
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Table 3

Variations of A and k, as functions of the number of tracked points.
# Points 4 6 8 10 12 14 16
A (mm/s) 5.271 5.319 5.319 5.398 5.366 5.398 5.398
ko 2.461 2.542 2.542 2.676 2.623 2.676 2.676

e A new shadowing algorithm is developed that operates indepen-
dently of user input and is well-suited to the mesh-based nature of
the code.

e An adaptive A value based on the SoD is introduced, enabling more
accurate simulation of thick deposit formation.

4. Results and discussion

This section presents a rigorous evaluation of the developed frame-
work. First, a comprehensive parametric analysis is performed on the
code used for extracting the empirical constants, aimed at demon-
strating the robustness of the results obtained for varying conditions.
Specifically, we examine the influence of the number of points and the
number of passes on the resulting constants for the same material and
process parameters. Second, the constants obtained in the first phase are
used as input for the second one, to simulate the deposition growth
under various spraying conditions. The simulated deposition profiles are
then compared with experimental data to validate the accuracy of the
integrated framework. Two different materials, copper and a titanium
alloy (Ti6Al4V), were used to evaluate the proposed method. A high-
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Table 4

A and k; as functions of the number of passes.
# Passes 10 14 20
A (mm/s) 5.3386 5.0728 5.3984
ko 2.6051 2.568 2.6764
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Fig. 10. DE(a) distribution for Ti6Al4V obtained from sample 9 and tracking
10 points.
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Fig. 11. Comparison between the experimental and numerical deposition profiles for (a—c) copper and (d-f) Ti6Al4V deposits. Experimental data for Ti6Al4V were

extracted from [34].

pressure 6/11 cold spray system (Impact Innovations GmbH, Germany)
was employed to deposit the powders using nitrogen as the carrier gas.
Copper particles were sprayed onto copper substrates at a gas temper-
ature of 750 °C and a pressure of 40 bar. For Ti6Al4V, the spraying was
performed at a gas temperature of 1100 °C and a pressure of 50 bar.
Table 2 reports the specifications of the experiments used to validate the
codes. For each material, the experimental profile described in the first
row was used to extract the empirical constants, i.e., samples 1 and 9.

4.1. Parametric analysis

This section evaluates the robustness of the code developed to extract
the parameters A, ki, and DE(a) of the analytical model. A robust
implementation should produce consistent values for these constants
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regardless of the variations in the number of tracked points (as illus-
trated in Fig. 2) or the use of different experimental datasets for the same
material and process parameters. To assess this robustness, first, the
experimental deposition profile of sample 1 was analyzed by systemat-
ically increasing the number of tracked points from 4 to 16, with the
corresponding constants recorded. In all analyses, only half of the
deposition profile has been considered, from x =0 to x = rp, due to
symmetry. The results for A and k;, regarding the number of tracked
points are presented in Table 3.

The values normalized with respect to the results obtained for 16
tracked points are shown in Fig. 9a. The results indicate that even with
only 4 tracked points, A and k, reach over 97% and 92% of their
respective converged values. It is worth noting that, due to the non-
smooth nature of the experimental deposition profile and the shifting
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comparison between the simulated results and the experimental profile (all
units in the substrate schematic are in mm).

position of the tracked points across different cases, slight variations in
the results are expected, such as the deviation observed in the 12-point
case in Fig. 9a. Nonetheless, the results show that tracking more than 8
points ensures the convergence of the results.

Additionally, the empirical constants should remain consistent when
using experimental tests with a different number of passes, used as a
reference for the numerical calculations. To examine this, samples 1, 2,
and 3 from the Cu dataset were analyzed, as summarized in Table 4. The
normalized values A and k; with respect to those obtained for 20 passes
are also depicted in Fig. 9b. When varying the number of passes, addi-
tional experimental uncertainties are introduced. However, the induced
variations remain within an acceptable range. Moreover, although only
slightly, the effect of the number of passes is not accounted for in the
model. This is because increasing the number of passes can alter the
thermal conditions of the process, thereby affecting the DE during
higher pass counts.

The computed DE(a) distributions for different numbers of tracked
points and passes are presented in Fig. 9c and d, respectively. The DE(a)
distribution exhibits reasonable dispersion, with greater variability
observed when varying the number of passes. The present numerical
framework calculates the DE at significantly small increments of impact
angles, enabling an accurate fitting of the function. However, based on
the highest impact angle of the possible applications, the thickness of the
experimentally obtained deposit that is used to derive DE(a) should be
sufficiently high such that it contains data regarding those impact an-
gles. This is obvious in Fig. 9d, as using a 10-pass deposition shape gives
the DE values for only impact angles up to 40°, while the 20-pass
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deposition contains data for up to 60°.

After confirming the robustness of the code, it was employed to
extract the empirical constants from Sample 9 for Ti6Al4V, yielding A =
6.333 mm/s and ky = 3.941. The corresponding DE(a) distribution for
Ti6Al4V is also shown in Fig. 10.

Once the empirical constants of Klinkov's model were obtained, their
accuracy was evaluated by comparing the experimental and numerical
deposition shapes, as detailed in the following section.

4.2. Comparison with experiments

To evaluate the accuracy of the integrated predictive framework,
numerical and experimental deposition profiles are compared across
different cases. It is important to emphasize that all empirical constants
were derived from a single experimental test for each material.

Fig. 1la-c present a comparison between the experimental and
predicted deposition profiles for pure copper (Samples 1-8 in Table 2),
while Fig. 11d-f show the corresponding results for Ti6Al4V. As
observed, the simulated deposition profiles show strong agreement with
the experimental data, confirming the accuracy of the derived empirical
constants and the reliability of the simulation code. It is worth noting
that, in the case of multiple tracks (Fig. 11c), the hatch distance between
adjacent tracks is 1.5 mm, and each deposition pass is applied to two or
three consecutive tracks.

One area where discrepancies were observed is near the peak of the
deposition profile, with these deviations becoming more pronounced as
the deposition thickness increases. Several factors may explain this
behavior. First, the assumed deposition shape function J(r,rp) may not
accurately capture the true deposition profile. Thus, as the thickness
increases, the associated errors tend to accumulate. Another contrib-
uting factor is the variation in thermal conditions during deposition. In
thicker coatings, the nozzle dwell time over the surface increases,
leading to a gradual rise in the temperature of both the substrate and the
previously deposited layers. This temperature increase may soften the
material and enhance the DE. This explanation is plausible, as the sim-
ulations generally tend to underestimate the deposition height in thicker
cases.

Moreover, the effects of the nozzle speed are considered to be linear
in the current framework, as also reported in [16,35]. This may hold for
relatively small variations in nozzle speed, as in the case of the reference
experimental test. However, for larger changes, thermal conditions can
significantly influence deposition behavior, resulting in discrepancies
between experiments and numerical predictions (Fig. 11f).

To further investigate the accuracy of computed constants, the re-
sults were also compared with a previous model developed in our group
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[23]. The comparison revealed that, for thin deposition layers, typical in
coating applications, both models accurately capture the deposition
geometry. However, in more complex scenarios, such as thick de-
positions or high-angle spraying, common in AM or repair applications,
the current model provides more accurate predictions of the deposition
shape. As shown in Fig. 12a, the previous method deviates from the
expected Gaussian-like profile, producing a triangular shape as the
number of layers goes up to 40. This may stem from the fact that the
DE(a), used in the previous study [23] was obtained by fitting a curve to
a few data points at discrete impact angles, which may have reduced its
accuracy. A similar trend in overall shape prediction is observed in
Fig. 12b, although both models exhibit comparable errors near the peak
of the experimental profile.
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Finally, the performance of the new shadowing algorithm is evalu-
ated against the experimental deposit shape presented in [23]. As shown
in Fig. 13, the proposed algorithm accurately identifies the shadowed
regions. An important observation concerns the regions near the edges
of the substrate, as highlighted by the dashed circles in Fig. 13. In these
areas, relatively large discrepancies are observed between the simulated
and experimental results. This phenomenon, referred to as the “edge
effect”, leads to reduced DE near the substrate boundaries, resulting in
inclined deposition profiles at the edges. The edge effect has also been
reported in a previous study [36]. Nevertheless, the current model is not
capable of capturing this effect. The edge effect can be significant in AM
and repair applications, where it may be necessary to design compen-
sating passes. Thus, modifying the analytical and numerical models such
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that they can capture the effects of substrate boundaries on the depo-
sition shape could be a valuable direction for future improvement.

4.3. Toward toolpath planning for shape control

One key objective of the predictive models for deposition shape is to
minimize trial-and-error experiments in achieving the desired final ge-
ometry by optimizing toolpath strategies. This becomes particularly
critical in applications requiring thicker deposits, such as AM and repair.
In this subsection, we highlight this capability of the developed depo-
sition growth simulation model. Owing to its efficiency and versatility,
the model allows visualization of dozens of simulations with varying
toolpath strategies (e.g., linear and circular paths with different nozzle
angles) within only a few hours. To illustrate this, three representative
geometries were considered: a cubic block, a circular ring, and a hex-
agonal ring.

Simulations were performed using copper spraying parameters. As it
is well established, simple perpendicular multi-pass spraying results in
thicker deposits near the substrate and thinner ones toward the top. To
mitigate this effect, compensation passes, typically achieved through
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angled spraying along the peripheral walls, are necessary to obtain a
more uniform thickness along the build direction. Fig. 14 illustrates the
schematic and deposition sequence for a circular ring, including both the
primary spraying and the recompensation passes. In Fig. 14, nozzle
paths are highlighted with blue dotted lines and red arrows, while
spraying directions are indicated by blue arrows. It was observed that,
following compensation of the outer wall, an outgrowth formed at the
center of the substrate, which can either be removed through suitable
post-processing or avoided by adopting alternative spraying strategies.

A similar simulation was conducted for the hexagonal ring, whereas
for the cubic block, five parallel tracks with a hatch spacing of 2 mm
were deposited for 20 passes, followed by 12 compensation passes using
inclined spraying at 50°, as shown in Fig. 15a and b. It should be
emphasized that the toolpaths employed in these examples were not
optimized but were used solely to demonstrate the capability of the code
in picturing the spraying process and reproducing realistic phenomena,
such as the formation of outgrowths in circular and hexagonal rings after
outside-wall recompensation. Still, a comparison between the desired
target profiles and the simulation results is presented in Fig. 15c. For
each case study, both the root mean square error (RMSE) and the
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coefficient of determination (R?-score) are provided. It should be noted
that, due to symmetry, only half of the cross-sections were considered
for the circular and hexagonal ring cases. As shown in Fig. 15¢c, although
the toolpaths were not fully optimized, the similarity between the
simulated and target profiles exceeds 90%. The corresponding simula-
tion videos, presented at 0.5x speed for improved clarity, are provided
in the Supplementary materials (Videos S1-S10).

5. Conclusions

This study proposes a two-phase computational framework for effi-
cient shape prediction in the cold spray deposition process, aimed at
improving accuracy and reducing the experimental burden. The first
phase develops a systematic numerical model to extract key empirical
parameters, including impact angle-dependent deposition efficiency,
from a single experimental profile. The second phase integrates these
parameters into a mesh-based simulation tool featuring also a new,
mesh-independent shadowing algorithm for enhanced accuracy when
predicting complex geometries.

The framework was validated extensively against experimental data
for copper and Ti alloy Ti6Al4V deposits, demonstrating strong agree-
ment and improved fidelity over existing methods, particularly for thick
and high-angle depositions. The significance of this model lies in its
unique capacity to substantially reduce experimental reliance (requiring
only one track) while concurrently achieving high accuracy. This
capability, demonstrated through case studies on cubic, circular, and
hexagonal geometries, establishes the simulator as a robust tool for
toolpath optimization and achieving dimensional control in thick
deposits.

While the current framework provides excellent predictive quality,
its scope has identified specific limitations that direct future research.
The discrepancies observed near the peak of thick deposits and at sub-
strate edges indicate that the present model does not incorporate ther-
mal effects (in-situ heating) or edge effects. Therefore, a key future
objective is to couple the model with a thermal module to capture the
influence of in-situ heating on deposition shape during prolonged
spraying, which may lead to material softening and enhanced deposi-
tion. In parallel, future efforts should explicitly address edge effects to
represent the reduced deposition efficiency near substrate boundaries.
These developments will ultimately enable the automation of toolpath
optimization through a real-time decision-making system, where pre-
dictive deposition modeling guides adaptive nozzle movements toward
fully controlled cold spray additive manufacturing.
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