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ABSTRACT

Cold spray additive manufacturing is a deposition technique that facilitates the fabrication of large
metal components with limited thermal effects, making it suitable for a wide range of industrial
applications. Despite its potential, achieving precise geometrical control remains a bottleneck,
hindering cold spray’s establishment as a competitive additive manufacturing technology. This
study introduces a computationally efficient framework that combines an adaptive slicing
algorithm and process-specific toolpath planning strategies, designed to optimise deposit
accuracy and material efficiency with respect to the Standard Tessellation Language (STL) model
of the part to fabricate. Central to this approach is the integration of predictive models for cold
spray deposition, which utilise deep neural networks trained on data from physics-based
analytical models. These models offer rapid and accurate predictions of single-track cross-
sections and full 3D shapes. The adaptive slicing algorithm dynamically adjusts layer thickness
based on local curvature variations, ensuring improved geometrical fidelity while minimising
material waste. Additionally, the toolpath planning methodology ensures continuous
deposition, effectively addressing challenges such as surface waviness and edge losses.
Validated against experimental data, the framework demonstrates significant improvements in
efficiency and accuracy over conventional approaches, paving the way for broader adoption of
cold spray additive manufacturing in complex industrial applications.
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1. Introduction ) o
a solid-state deposition technology, has recently

Additive manufacturing (AM) is a modern manufacturing
process that fabricates objects layer by layer based on
digital models. Since its inception, it has transformed
industries by enabling the creation of complex geome-
tries, reducing material waste, and allowing for high pre-
cision and customisation. Among the most widely used
AM technologies are beam-based methods such as
directed energy deposition (DED) and powder bed
fusion (PBF), which rely on melting or sintering materials
to create detailed parts [1-3]. However, Cold Spray (CS),

emerged as a versatile alternative due to its ability to
achieve high deposition rates while minimising
thermal effects [4,5].

The working principle of CS was discovered in the
1980s [6-9]. Unlike beam-based methods, CS deposition
is achieved by propelling micron-size (10—100 um) met-
allic particles, carried by a heated inert gas, through a
supersonic nozzle. When the particles reach a critical vel-
ocity, their kinetic energy allows them to form metallur-
gical bonds and mechanical interlocking with the
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substrate upon impact, without in-flight melting. This
unique process results in dense metallic layers, free
from the negative thermal effects typically associated
with high-temperature methods [10].

Beyond minimising thermal effects, CS also offers
scalability, enabling the fabrication of large deposits
with a broad range of feedstock materials. Initially devel-
oped for protective coatings and repairs, CS has evolved
into Cold Spray Additive Manufacturing (CSAM), allow-
ing the production of complex components while lever-
aging its high deposition efficiency and material
versatility [11,12].

Despite the advantages, deposit shape control
represents a significant challenge for the further devel-
opment of CSAM. In particular, compared to well-estab-
lished AM technologies like DED or PBF [13-15], CSAM
presents a much larger feature size. While deposit thick-
ness can range from as thin as 0.05-10 pm [16], commer-
cially available CSAM systems generate spray spots
between 5 and 10 mm in width [17]. These spots typi-
cally exhibit a Gaussian unitary shape that is highlysen-
sitive variations in robot kinetic parameters including
standoff distance (SoD), scanning speed, or spray angle
[18-201. This inherent shape limitation restricts the pre-
cision required for intricate detailing or sharp edges,
which are often essentialin AM parts [16].

While these limitations pose challenges, they also
highlight opportunities for improvement through the
development of optimised spray strategies and predic-
tive models [5]. Understanding how variations in spray-
ing parameters influence the resulting geometry often
requires extensive experimental trials, especially in
complex scenarios. In contrast, accurately predicting
the final shape of a fully fabricated part through simu-
lation can streamline the process planning by minimis-
ing the need for iterative approaches. Predictive
modelling relies on a comprehensive understanding of
how process parameters, feedstock properties, and
nozzle kinematics interact. Addressing the challenges
in modelling deposit shape represents a significant
step toward automating the CSAM process.

A few modelling approaches, both analytical and
data-driven, have been developed to tackle these
issues. Among those targeted to CSAM, Li et al. [21]
developed a general-purpose model, based on the
superimposition of spray spots onto a generic substrate
and the representation of the final geometry through a
mesh reconstruction procedure. In this instance, the
spray spots were modelled as Gaussian, fitting layer
thickness and deposition efficiency (DE) to experimental
data as a function of local particle impact angles. The
framework is able to handle complex trajectories and
shadow effects. On the other hand, the mesh

reconstruction procedure leads to redundant faces and
vertices, with an overall irregular result. In a previous
paper from our group, we relied on a similar approach,
introducing the effect of SoD on the spot shape and
implementing a more physics-based representation of
mass conservation at non-perpendicular impact angles.
Furthermore, this model did not rely on mesh recon-
struction, but rather on its initial refinement, granting
a smoother result [22].

Both aforementioned deposition models rely on spot-
by-spot superimposition, following an iterative time-
step approach to calculate substrate normal vectors in
the jet area as the gun’s position changes. Consequently,
their computational time is proportional to the total
deposition duration, i.e. to the part size and complexity.
Simulating the full 3-dimensional (3D) shape of a
complex part using these models can take upwards of
a day, which is not ideal during path and parameter
optimisation processes. This can consequently compro-
mise the applicability of automated path optimisation
for CSAM.

Data-driven models have been introduced as a faster
alternative to analytical models for deposit shape mod-
elling, leveraging the speed of machine learning algor-
ithms. lkeuchi et al. [23] used a feedforward artificial
neural network, or multilayer perceptron (MLP), to
predict the cross-sectional profile of a single track of
CS as a function of SoD, scanning speed, and spray
angles. The application was based upon very limited
experimental data, consisting of 36 single-track
profiles, therefore lacking flexibility outside the par-
ameter dominium of the available profile acquisitions.
To address this issue, the authors developed a data-
efficient framework [24], augmenting their dataset with
information extracted through Gaussian fits of the
experimental profiles. In a subsequent study [25], the
same research group enhanced predictive performance
by employing a Gaussian Process Regression (GPR)
model. This model incorporated prior knowledge from
Gaussian models via an explicit mean function.
The new approach offers the possibility of predicting
the shape for overlapping tracks, while neglecting the
effect of the spray angle. A larger experimental
dataset, consisting of 330 single-track profiles, was
acquired by Liu et al. [26], who similarly fed it in a
MLP. In this case, the substrate profile, SoD, scanning
speed, and current layer number were identified as
input features to obtain the cross-sectional single-track
profile.

Despite the promising results, current data-driven
approaches are limited to cross-sectional predictions of
single or few tracks for very few input variables; thus,
they lack the flexibility needed to predict 3D shapes



Table 1. Comparison of shape prediction models in the literature.
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Study Method Inputs Output Dataset Limitations
Li et al. General-purpose model Substrate shape, 3D shape reconstruction  Experimental data Irregular results with redundant
[21] with mesh reconstruction scanning speed, spray of CS deposits (amplitude and faces and vertices,
angles DE) computationally intensive
Vanerio Physics-based model with  SoD, substrate shape, 3D shape reconstruction  Experimental data Computationally intensive
etal. [22] initial mesh refinement scanning speed, spray with smoother results
angles
Ikeuchi Data driven (MLP) SoD, scanning speed, Cross-sectional profile of  Limited Lacks flexibility outside the
etal. [23] spray angles a single track experimental data parameter domain
lkeuchi Data driven (MLP with data  SoD, scanning speed, Cross-sectional profile of  Augmented Limited by experimental profile
etal. [24] augmentation) spray angles a single track experimental data acquisitions
Ikeuchi Gaussian Process Scanning speed, surface  Cross-sectional profile of  Limited Lack of modelling of spray angles
etal. [25] Regression with gaussian type, substrate height overlapped tracks experimental data and complex scenarios
mean function
Liu et al. Data driven (MLP) Substrate profile, SoD, Cross-sectional profile of ~ Large experimental Not suitable for 3D multi-track
[26] scanning speed, a single track dataset shape prediction

current layer number

that require the interaction of several tracks. While some
efforts have been made to extend predictions to multi-
layer profiles [26], overlapping-track modelling [25],
and deposit profile prediction from process parameters
[27], these approaches remain constrained to localised
predictions and do not fully capture the complex inter-
actions necessary for full 3D shape reconstruction.
Table 1 summarises the contributions and limitations
of existing shape prediction models, highlighting these
challenges in greater detail

To fully harness the potential of CSAM, integrating
shape prediction models with optimised tool path plan-
ning is crucial to addressing edge losses, surface wavi-
ness, overspray, and parameter selection [28]. These
challenges are exacerbated by CSAM’s unique character-
istics, including limited precision due to spray spot size
and the difficulty of maintaining uniform material distri-
bution during continuous deposition [29].

Shape prediction models, such as those discussed
earlier, provide a foundation for understanding how
deposition parameters influence geometry. Coupled
with advanced path planning, these models can
enable precise geometrical control, reduce reliance on
iterative experimental trials, and enhance process
efficiency. Tool path planning is particularly critical in
CSAM due to its reliance on continuous deposition and
the sensitivity of the process to nozzle kinematics. Valu-
able tool path optimisation frameworks have recently
been developed for CS in different application fields.
Nault et al. [30] used a constrained gradient descent
method to optimise nozzle speed to obtain the desired
layer thickness to repair a leading edge. This method
showed promising results, despite the complex sub-
strate geometry. Li et al. [29] developed an automatic
path generation algorithm for AM of a multi-featured
component, devising optimal paths to minimise over-
spray when linking said features. Such workflow was
then generalised to the fabrication of rotational and

freestanding parts. Despite its focus on AM, the
approach by Li et al. is limited in scope. It does not opti-
mise several critical kinematic parameters, such as scan-
ning speed and scanning step, which play a pivotal role
in determining the final deposit shape. Consequently,
achieving the desired geometry still relies heavily on
operator expertise and trial-and-error adjustments. This
reliance highlights a significant gap in current method-
ologies, underscoring the need for more comprehensive
optimisation frameworks that fully integrate predictive
models with tool path planning.

Outside of CSAM, recent advancements in AM have
emphasised the integration of surrogate models to
address challenges in process optimisation and
product design. These models often combine data-
driven machine learning techniques with physics-
based principles, offering enhanced interpretability
and performance, particularly for high-dimensional or
sparse data scenarios. For example, Bayesian neural net-
works have been applied to optimise mechanical prop-
erties in metamaterials and design seismic-resistant
structures [31]. Machine learning has been extensively
used to predict surface roughness in MEX and PBF
[32,33], model bead geometry in DED [34], and estimate
thermal deformation in PBF [35]. These efforts primarily
focus on process-structure relationships, leveraging
techniques such as random forests, AdaBoost, and MLP
to capture dependencies between process parameters
and material responses. However, while these models
have been successful in specific applications, their inte-
gration with optimisation strategies - such as adaptive
slicing and automated tool path planning - for CSAM
remains significantly limited. In summary, the main
approaches in the literature to CS deposition modelling
are either data-driven or physics-based. A significant
drawback of data-driven methods is their reliance on
vast amounts of data to reach reliable predictive per-
formances. Such datasets are hard to obtain for
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emerging technologies due to short literature history
and processing costs hindering large experimental cam-
paigns. Available CS shape prediction models that use
MLPs have had to face this issue, working with only a
few data points, resulting in less dependable predictions
[23,24,26]. On the other hand, analytical models based
on physical principles often rely on cumbersome calcu-
lations, such as iterative solvers, therefore requiring sig-
nificant computational power to perform complex
simulations. A few simple tool trajectory planning algor-
ithms have also been developed to control CS shape, but
they have yet to be integrated with prediction models to
achieve a full optimisation framework.

The present study proposes a shape control frame-
work that streamlines the transition from the Compu-
ter-Aided Design (CAD) model of a desired component
to the robot tool path to fabricate it with CSAM.
Within such framework, three key contributions are
delivered:

e (S Shape Prediction Models: These models deliver
both 2D (cross-sectional) and 3D deposit predictions
by combining the precision of analytical formulations
with the computational efficiency of Deep Neural Net-
works (DNNs). This hybrid approach mitigates the
high computational costs of traditional physics-
based models while reducing the reliance on exten-
sive experimental datasets typical of purely data-
driven methods.

o Adaptive Slicing Algorithm: A novel, computationally
efficient adaptive slicing algorithm dynamically
adjusts layer thickness to accommodate variations
in the target geometry along the build direction.
This algorithm operates in direct synergy with the
shape prediction models.

o Automated Tool Path Planning: Tailored to the unique
requirements of CSAM, this algorithm incorporates
continuous deposition and accounts for nozzle kin-
ematic effects. By integrating shape predictions, it
optimises trajectory parameters, ensuring precise
material deposition and minimising errors such as
surface waviness.

2. Shape prediction model: materials and
methods

2.1. Data acquisition and preparation

The present work involves the development of two dis-
tinct DNNs, predicting the 2D cross-sectional shape and
the full 3D shape of a linear CS track.

The selection of the DNN model was based on a com-
prehensive comparison of various machine learning

Table 2. Ti6Al4V powder particle size distribution.
D10 [um] D50 [pum] D90 [um]
Ti6Al4V 21 37 47

Powder

algorithms and deep learning architectures, including
Transformers, Convolutional Neural Networks (CNNs),
different Long Short-term Memory (LSTM) architectures,
a gradient boosting, and Gaussian Mixture Models
(GMMs), as detailed in Section 2.4. The DNN demon-
strated superior performance in terms of accuracy
while maintaining a reasonable runtime, making it the
optimal choice for this study.

The DNNs were trained on an array of single-track
shapes of CS deposits, generated through our previously
developed physics-based analytical model [22], which
will hereby be briefly introduced. In the analytical
model, the distribution of particles within the jet is
described by a function J(r), easily adaptable to any jet
distribution. In the case of Gaussian-like distributions, it
is structured as follows:

e—kz(f/fn)2 _ e—kz

Jn = ek <M (1)

0 otherwise

The parameters r, and k, respectively represent the
radius of the distribution and its rate of decay at the
edges. The model relies on the definition of DE as a func-
tion of particle local impact angle a, where each particle
is assumed to fly parallel to the nozzle axis, as seen in
[20,36]. The effect of SoD on deposit shape is modelled
by stretching and scaling the particle’s distribution
profile function of Eq. 1, while ensuring the conservation
of the mass of the sprayed material. Moreover, also DE is
affected by SoD, therefore a DE, (ds) function is exper-
imentally generated. Putting all these factors together,
the thickness growth rate of the profile along the direc-
tion of the nozzle axis is presented in Eq. 2.

0Zgxis
ot

= A- DE,(tan &) - DE4(d;) - J(r, ds) (2)

Coefficient A represents the growth rate of deposit
height, and it is estimated by fitting experimental data
to each combination of primary spray parameters and
feedstock material. Similarly, the stretching and scaling
coefficients are experimentally obtained. Since the par-
ticle impact angle a changes as the deposit grows, it is

Table 3. CS process parameters assumed constant for deposit
shape characterisation.

Powder feed rate
[g/min]

24.25 N, 1100 5

Gas temperature

Carrier gas [°C] Gas pressure [MPa]




Table 4. CS nozzle parameter levels selected for the full-factorial
data generation process.

Scanning speed Spray
[mm/s] angle [°] SoD [mm] Number of passes
150, 250, 350 60, 70, 80, 90 20, 25, 30, 35, 40 1 to 40

obtained from profile partial derivatives. The analytical
model [22], consisting of a series of partial differential
equations (Eq. 2), is solved in MATLAB R2023b by apply-
ing Euler's method, using the STL mesh of a flat substrate
as an initial condition. The code iteratively calculates the
element surface normals within the nozzle jet, conse-
quently obtaining the local particle impact angle a.

Ti6Al4 V feedstock (AP&C, Canada) was the selected
material for this work, with powder particle size distri-
bution shown in Table 2 and constant CS process par-
ameters reported in Table 3. This material was selected
due to its wide application in CSAM, its fairly regular
(the typical Gaussian) deposit shape, and due to the
data availability from our previous studies [22,37].

To obtain robust predictions, a notably large design
of experiment (DoE) matrix was selected to run the simu-
lations. The four selected nozzle parameters to vary
were: scanning speed, nozzle spray angle, SoD, and
the number of overlapping passes. The values for each
parameter were distributed through a typical working
range of CS systems, with a full-factorial combination
of the levels reported in Table 4, for a total of 2400
linear single tracks. The size of this dataset is therefore
more than 7 times larger than the largest comparable
MLP available in the literature in terms of number of
the profiles [26] and it describes a wider range of
process variables [23,24,26]. The maximum element
size for the substrate mesh was set to 0.05 mm to accu-
rately capture the final shape of the track.

z (mm)

50

20

y (mm) 00
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Therefore, the simulation was run 2400 times and, each
time, the nozzle moved at the set SoD, spray angle, and
scanning speed along a linear 30 mm track for a number
of times equal to the number of passes. An example of a
generated 3D track is reported in Figure 1.

For the first DNN model, the objective was to
predict the cross-sectional (2D) profile of a single
track. Therefore, the generated 3D track was sliced in
its middle with a yz plane, according to the reference
system depicted in Figure 1. This means that, for each
track in the dataset, the deposit height (z direction)
was extracted for each y coordinate, with a spacing
of 0.05 mm, corresponding to the mesh resolution.
The y coordinate (horizontal) was treated as an input
feature for the DNN, alongside the nozzle parameters
of Table 4, to render the prediction mesh-independent
and adaptable to the required accuracy. The prediction
output will therefore be a single value corresponding
to the z coordinate of the profile at the y
coordinate specified in the input. Figure 2(a) presents
a schematic representation of the 2D DNN's inputs
and outputs.

Similarly, for the second DNN model, an additional
input was added, representing the transversal coordi-
nate (x direction), to also characterise the deposit
height variation along the scanning track (Figure 2(b)).
The output is still a single value, corresponding to the
profile height at the set transversal and horizontal coor-
dinates. The additional dimension implies a notably
larger dataset, comprising, for each of the 2400 lines,
of the deposit height for each point in the mesh. The
dataset was therefore randomly split into 500 batches
to mitigate the amount of allocated memory during
training. All features were normalised according to Eq.
3, ensuring they were on the same scale to stabilise

20

X (mm)

Figure 1. A representative example of the simulated 3D construction of a single track considering 250 mm/s scanning speed, 90° spray

angle, 25 mm SoD and 30 passes.
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(a)
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Figure 2. Schematic representation of the DNN architecture for the 2D configuration (a) and 3D configuration (b).

the DNN’s learning process. Lastly, the datasets were
randomly split in 70:15:15 proportions for training, vali-
dation, and testing.

f — min(f)
’ max(f) — min(f) B

3)

f, normalised =

2.2. Deep neural network architectures

The performance of DNNs heavily relies on the appropri-
ate selection of architectural hyperparameters. It is par-
ticularly crucial to balance between the depth and the
width of a DNN, namely regulating the number of
hidden layers and the number of neurons per layer. For
this purpose, a hyperparameter tuning procedure was
carried out with the Optuna framework [38], sampling
through 1-6 hidden layers and 4-500 neurons per layer.
A Tree-structured Parzen Estimator (TPE) sampler was
employed, which is a Bayesian optimisation algorithm.
The TPE starts the hyperparameter optimisation with an
initial belief (prior) surrounding the best configuration
and updating such belief based on the performance

results. The set prior for both the number of hidden
layers and the number of neurons per layer was logarith-
mic, expecting a superior performance with increased
complexity. A total of 300 trials was performed and the
configuration with the lowest relative percentage L*
error on the testing dataset was selected as optimal.
This error represents the prediction error, normalised by
the magnitude of the true data, making it independent
from scale and magnitude of the dataset, and therefore
highly comparable. Moreover, this metric penalises
larger errors, which is suitable given the generally small
size of CS profiles. The expression is as follows:

I | Yresr - Yresr | | 2

, 4
Y112 @

Relative L? error =

where Yies is the observed profile height in the testing
dataset, Y is the predicted profile height on the
testing dataset inputs, and Y is the vector of observed
profile heights.

The DNN models were defined, constructed, and
trained in Python using TensorFlow’s [39] high-level



API, TensorFlow Keras. Rectified linear unit (ReLU),
sigmoid, and hyperbolic tangent activation functions
were all tested, and the latter was ultimately selected
for all layers since it yielded the best accuracy. Limited-
memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS)
algorithm [40], a second-order quasi-Newton method,
was selected for training optimisation. This algorithm is
generally memory-efficient, ensuring faster convergence
compared to other methods. The mean squared error
(MSE) was used as a loss function for training:

1(" —~
MSE = — j v, = Y)?, (5)
nJi=

where n is equal to the number of the samples con-
sidered, Y is the vector of the observed profile heights
and Y; is the vector of the predicted profile heights.
Training and validation losses were monitored through-
out the training process to avoid overfitting on the train-
ing dataset.

2.3. Output post-processing

DNNs are function approximators, therefore, despite
their powerful predictive capabilities, physical boundary
conditions are not rigidly enforced. Thus, post-proces-
sing corrections were devised to make sure that the
extremities of the CS deposit track reached the substrate
height exactly, i.e. a value of zero profile height for the
present assumption of flat substrate. A cosine-tapered
(Tukey) window, described in Eq. 6, was applied to the
predicted profiles. The shape of the window function is
such that the prediction in the middle of the track will
remain unchanged, while the extremities will smoothly

(a)

0.6

——Predicted profile

Corrected profile

0.4

y [mm]

0.0F

X [mm)]
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converge to zero with no discontinuities.

2mn
w(n)—[] _COS(BN)]' 0§n<%
w(n) =1, %gnsg (6)
w(N — n) = w(n), 0<n<?

The value of B in the above formulais in the interval [0,1],
where =0 is a rectangular window and 8= 1 is a Hann
window. In this case, 8 was chosen equal to 0.4, based on
the observed width of the track. An example of the result
of post-processing is shown in Figure 3(a) for the 2D
case. For the 3D case, the window was similarly
applied to correct the extremities in the transversal
direction with a lower §=0.2, due to the longer length
of the track.

Moreover, as the 3D input tracks had a set length of
30mm, the variation of such length can be
obtained through stretching and compressing of the
track in its middle section, which presents a constant
cross-section.

2.4. Comparative validation of the deep neural
network model

The study evaluates several machine learning architec-
tures (summarised in Table 5), each chosen based on
their distinct advantages and characteristics. The Trans-
former model was included for its exceptional ability to
capture complex sequential dependencies, making it
ideal for modelling intricate relationships among par-
ameters [41]. The Convolutional LSTM (Conv-LSTM)
and its attention-enhanced variant were selected for
their capacity to model spatiotemporal dependencies,

(b)

0.0 S 0 5 10715
X (mm)

Figure 3. 2D prediction post-processing: (a) plot of the extremity correction applied to the 2D model, (b) cross-sectional view of six
parallel tracks (light blue), their superimposition (dark blue) and the identified local valleys (orange).
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Table 5. Overview of the various machine learning architectures
implemented and compared in this study and their
corresponding key parameters.

Model Architecture Overview

Transformer Input Dense layer for feature embedding, 3
Transformer blocks with Multi-Head Attention (4
heads), Feedforward layers, residual connections,
Layer Normalisation, Flatten, and Dense layers (128
units) for regression.

Conv-LSTM- Two ConvLSTM2D layers (kernel size: 1 x 1) with 12

Attention regularisation, Batch Normalisation, Attention

mechanism on reshaped spatial dimensions, residual
connections, and Dense layers with Dropout (0.3 and
0.2).

Conv-LSTM Two ConvLSTM2D layers with 32 and 64 filters (kernel

size: 1 x 1), Batch Normalisation, Dense layer (128
units), Dropout (0.2), and a final Dense(1) for
regression.

Two Bidirectional LSTM layers with 64 units each,
followed by Dropout (0.1), Layer Normalisation,
Dense layers (128 and 64 units), another Dropout
(0.2), and a final Dense(1) for regression.

CNN1 Two Conv1D layers with 32 and 64 filters (kernel size:
3), followed by Dropout (0.2), Dense layer (128 units),
another Dropout (0.2), and a final Dense(1) for
regression.

CNN2 Three Conv1D layers with increasing filters (32, 64, 128)
and kernel size 3, followed by Dropout after each
convolutional block, Dense layer (128 units), Dropout
(0.2), and a final Dense(1).

Bidirectional LSTM

XGBoost Gradient boosting with a maximum tree depth of 6,
learning rate (n) of 0.1, subsample ratios of 0.8 for
rows and columns, and an objective function for
squared error regression.

GMMs GMM with 10 components, using component-wise

means for regression predictions.

enabling effective handling of multi-dimensional data
[42]. Two Convolutional Neural Networks (CNNs) with
different sets of hyperparameters were included due
to their efficiency in extracting spatial features from
input data, offering simpler yet effective modelling
approaches [43]. XGBoost, a gradient boosting ensem-
ble method, was chosen for its ability to efficiently
model non-linear patterns through its ensemble of
weak learners and its lightweight computational
requirements [44]. The DNN was selected as a baseline
due to its simplicity, flexibility, and demonstrated

Table 6. The performance of tested models with respect to the
analytical results.

MAPE Runtime (s/
Model MSE R? (%) instance)
Transformer 1.86-1073 0.998 29.0 578-10~%
Conv-LSTM- 242.073 0.997 25.1 2.81-107*
Attention

Conv-LSTM 1.24-107°  0.998 497  1.72-107*
Bidirectional LSTM  1.73 .03 0.998 242  2.80-107*
CNN1 7.47-1073  0.991 56.1 1.41.07%
CNN2 480-1073  0.994 52.1 7.09-107°
XGBoost 413-107%  0.999 222 1.74-1077
GMMs 1.38 —0.742 1848 1.15-107°
DNN 8.06-10°  0.999 168  1.88-10~°

success in previous studies involving similar datasets.
Additionally, Gaussian Mixture Models (GMMs) were
included to compare the performance of probabilistic
unsupervised models with supervised approaches.
Lastly, the Bidirectional LSTM was considered for its
strength in capturing sequential dependencies in
both forward and backward directions, providing a
comprehensive understanding of time-dependent pat-
terns [45].

The results in Table 6 indicate that the DNN outper-
formed all other models, achieving the lowest MSE and
MAPE while maintaining a significantly faster inference
runtime. While XGBoost and Conv-LSTM models dis-
played competitive accuracy, they did not match the
DNN'’s optimal balance between predictive performance
and computational efficiency. Transformer and
ConvLSTM-Attention models, despite their accuracy,
exhibited longer runtimes and higher MAPE, making
them less practical for real-time applications. Notably,
GMMs performed poorly, underscoring the limitations
of unsupervised models in capturing complex, non-
linear relationships in the dataset. The relatively poorer
performance of more complex models, such as Transfor-
mers and ConvLSTM-Attention, can be attributed to
overfitting due to their higher parameter counts and
the limited size of the training dataset. These findings
validate the DNN as the preferred model, providing an
ideal trade-off between predictive accuracy and
runtime efficiency, which is crucial for real-time optimis-
ation in CSAM.

3. Optimised adaptive slicing algorithm

The predictive speed of the developed DNN models
enables the use of shape prediction within larger
process optimisation frameworks. The objective is to
select the optimal nozzle trajectory and parameters
to achieve geometrical accuracy for the desired AM
component. The first step of the path design involves
slicing the STL model of the part along specific
planes, to obtain the cross-sections to then be
filled in.

In CSAM, the slice height will depend on the overall
deposit thickness and, therefore, on the selected
nozzle parameters. Therefore, herein, an adaptive
slicing technique was devised to determine the slice
height based on the occurrence of lateral curvatures in
the part. This technique is commonly utilised in
various established AM technologies to produce
complex geometries and minimise the staircase effect
[46]. However, its application to CSAM is currently very
limited.



3.1. Slice height definition algorithm

The slice height to be defined in the optimisation pro-
cedure must be related to the CS deposit thickness,
which is a function of robot kinetic parameters for a
specific feedstock. For optimal DE, during the main
building phase, it is convenient to set the spray angle
to 90° (vertical position of the nozzle with respect to
the substrate) and the SoD to 30 mm. The nozzle par-
ameters to be optimised include scanning speed and
the number of passes per slice. Additionally, the distance
between the scanning lines, known as the scanning step,
is another critical path parameter that is optimised
during this phase.

The targets selected for optimisation are the
amount of overspray, for lower material waste, and
the total processing time, for higher process
efficiency. The optimal parameters offer a trade-off
between these two objectives. The amount of over-
spray may be reduced by increasing the scanning
speed and producing thin layers. Still, a higher
number of slices may be inefficient both computation-
ally and in terms of spraying time.

Numerically, the excess material is quantified as
excess height hey in the direction of deposit growth, cal-
culated as:

hexe = Ngjices + hsiice — hcap, (7)

where ngjices and hgje are respectively the number of
slices and the selected slice height, while hcyp is the
maximum height of the CAD model of the desired
part. The number of slices is, in turn, calculated rounding

Optimization loops
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up the model height divided by the slice height.

Nglices = Zcﬂ, (8)
slice

The slice height is the parameter dependent variable
that can be obtained using the 2D DNN model. The pre-
dicted profiles of several single tracks of CS must be
superimposed at a set scanning step to obtain the
overall deposit height, as shown in Figure 4. The
process of superimposing multiple tracks must account
for the interaction between the adjacent tracks. For
instance, when depositing the second tracks, part of it
will overlap with the first. To address this, the deposit
profile tangents are calculated after depositing each
track. These tangents help determine the impact angle
for the subsequent one, which will be input in the 2D
DNN, ensuring an accurate representation of the
overall deposit profile.

As a first trial, the scanning step is set to one sixth of a
single-track profile width, corresponding approximately
to the Gaussian’s standard deviation. The deposit
surface waviness (w) is therefore calculated as:

valley
peak’

)

where the maximum height of the deposit corresponds
to its peak, while valley height can be identified through
local minima, as highlighted in orange in Figure 3(b). A
waviness threshold can be set according to the appli-
cation requirements, with the scanning step being
adjusted consequently.

The processing time was assumed to be directly pro-
portional to the total number of passes and inversely
proportional to the scanning speed. The final cost

waviness>tolerance

Reduce
scanning step

Predict 2D
profile shape

for passes per slice
in [8, 16, 32]

Upload .stl file of
the desired part

Superimpose
parallel profiles

- |

at set scanning

Set scanning .
: 2t Check waviness

stepto o =
cproo value

profile width/6

Set spray angle

for scanning speed
to 90° and SoD & Sp

in range(150, 450)

to 30mm

step
waviness<=tolerance
Calculate excess
height
L | Calculate cost
function
... U —— N— |

Pick parameters

[ Input ] Initial settings [ Output that minimize
the cost function

Figure 4. Flowchart of the parameter optimisation algorithm powered by the DNN predictions.
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function was a linear combination of the two targets,
each multiplied by a normalszation factor to ensure con-
sistent scales. The full optimisation workflow is rep-
resented in Figure 4, culminating in the selection of
the optimal kinematic parameters that minimise the
defined cost function.

3.2. Adaptive slicing algorithm

The slice height optimisation algorithm described in the
previous subsection (3.1) is only able to evaluate accu-
racy in the deposition direction. To guarantee geometri-
cal accuracy with respect to the lateral surfaces, an
adaptive optimisation was introduced, which refines
the slice height around areas with strong curvatures,
ensuring the minimisation of staircase effects.

In the present work, the procedure to detect lateral
geometrical discontinuities relies on the identification
of local cross-sectional variations. A first-approximation
slicing is performed, where the optimal deposit thick-
ness, as calculated in section 3.1, defines a constant
slice height. The points of the STL model belonging to
each slice plane can be identified according to tra-
ditional algorithms, as described in [29,471].

The next step for slice characterisation is contour
identification. This is mostly relevant for the first slice,
which corresponds to the part’s base surface. Indeed, if
the slice plane intersects a surface of the part, the
internal vertices will also be identified as belonging to
the slice. In such cases, the alpha-concave hull algorithm
[48] was selected for contour identification. The alpha-
concave hull is a generalisation of the convex hull that
allows for concavities by introducing a parameter «,
which controls the level of detail in contour represen-
tation. Given a set of points P, the alpha-concave hull
CH,(P) is defined such that any edge of the hull
satisfies a local empty region condition based on «,
effectively filtering out short, non-representative con-
nections. By adjusting «, the algorithm balances
between capturing fine geometric details and maintain-
ing computational efficiency. The contour points, once
identified, are sorted by proximity.

Once slice contours are defined, cross-sectional vari-
ations must be identified. This could be achieved
through the calculation of normal vector variations for
the lateral surface [49]. A more straightforward approach
is to calculate the relative internal area variation
between consecutive slices, as seen in [49]. However,
this method is only appropriate for parts with smooth
cross-sectional changes. It may not be suitable for
parts with local geometry variations or for swept
profiles that have a constant cross-section but variable
curvature. For the latter cases, an alternative procedure

was devised to capture localised geometric variations
efficiently.

The deposition plane was divided into quadrants
using a structured grid covering the full deposition
space. Within each quadrant, the cross-sectional area
Aq was computed using the Surveyor’s area formula [50]:

—I n
Aq = 5 ;(Xi)/m — Xit1Yi)

where (x;, y;) are the coordinates of the i-th vertex of the
contour in the quadrant, n is the number of vertices and
the last vertex (xp11, ¥n+1) is the same as the first vertex
(x1, y1) to close the polygon.

By comparing corresponding quadrant areas
between adjacent slices, this method enables the detec-
tion of even small indentations without relying on com-
putationally expensive surface normal or curvature
calculations.

A mathematical threshold 7 for allowable cross-sec-
tional variation can be defined based on the desired
lateral surface smoothness:

A — Ayl
Aq

>1, Vg, (10)

where A, and AJ™" are the cross-sectional areas of quad-
rant g in slices j and j + 1, respectively. If any quadrant
surpasses this threshold, the slice height is refined
either by halving the number of passes per slice and
inserting an additional slice or, in the case of single-
pass slices, by increasing the scanning speed to maintain
deposition uniformity.

4, Toolpath planning

Once the slice arrangement is determined, a filling
path must be devised to construct the desired shape
within each slice. In this study, the substrate is
assumed to be flat, which is suitable for many CSAM
applications. Therefore, the nozzle trajectory can be
simplified by only controlling its position, while main-
taining a constant inclination perpendicular to the
initial substrate. A zigzag (parallel) path was selected
to validate the proposed algorithm. This strategy is
widely used due to its efficiency and versatility
across various deposition scenarios. However, a
known limitation of zigzag paths is the requirement
for sharp turns at part boundaries, which can induce
high jerk on the nozzle, leading to mechanical
vibrations and build instabilities [21]. Despite these
challenges, the zigzag pattern remains a robust
choice due to its straightforward implementation and
suitability for continuous material deposition.



Additionally, CSAM’s continuous material flow con-
straint must be accounted for in path planning. Unlike
other AM methods, CS does not permit deposition to
be interrupted while traversing empty or concave sec-
tions within a slice. Therefore, over-spraying mitigation
strategies — such as path reorientation — are necessary
to ensure deposition accuracy and prevent material
waste.

4.1. Toolpath generation and optimisation

Zigzag paths are generated starting from a set of parallel
lines at a given distance, namely, the scanning step
selected in section 3.1, and covering the full area of
each slice. The key characteristics of the developed
path-planning framework are as follows:

e Path interpolation: Interpolation methods, such as
linear interpolation, were used to estimate the exact
points where the scanning lines intersect with the
slice contour, consisting of discrete data points.

e Handling sharp turns: To manage sharp turns at the
edges and reduce nozzle jerk, smoother transition
curves with precision zones can be implemented at
the corners, promoting a more stable build process.

e Path selection criteria: The criteria for selecting the
optimal scanning line inclination consist of minimising
the total path length to reduce the number of nozzle
turns while avoiding over sprays. The number of inter-
sections with the slice contour will indicate whether a
cross-section concavity is being crossed, as shown in
Figure 5. If a line intersects the slice contour more
than twice, the path is discarded, and a different incli-
nation of scanning lines is tested, ensuring continuous
deposition with minimal material waste. Among equiv-
alent configurations, the path with the lower number
of scanning lines was selected to minimise the
number of required turns.

o Transition between slices: The transition between the
end of one slice’s path and the beginning of the next

® " ©

_> . (

Figure 5. Representation of the intersections between slice
contour and scanning lines: if more than two intersections
occur (a), there will be overspray across unwanted areas; the
path is optimal if only two intersections occur (b).
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Table 7. CS nozzle parameter levels selected for the
experimental campaign [22].

Variable No. of Spray Scanning speed SoD
parameter passes angle [°] [mm/s] [mm]
No. of passes 10, 14, 20 920 250 30
Spray angle 20 70, 80, 90 250 30
Scanning speed 20 90 150, 250, 350 30
SoD 20 920 250 30, 35,
40

slice’s path is managed by planning the path so that
the final point of a slice trajectory seamlessly connects
to the initial point of the subsequent slice.

e FEasy integration with offline programming software:
The path point coordinates, nozzle speeds, precision
zones and nozzle rotation quaternions are automati-
cally compiled to be easily imported into offline pro-
gramming software, such as Robotstudio™,

5. Experimental validation and
demonstrators

The validity of the DNN predictions was compared
against experimental acquisitions collected in a previous
study of our group [22]. Each of the experiments was
carried out by spraying 30 mm long tracks on a flat alu-
minium substrate with an Impact Innovations 5/11 CS
system with OUT 1 nozzle. Samples’ cross-sections
were embedded in resin, ground with subsequent
graded SiC papers and finally polished with diamond
suspension up to 1 um. The polished cross-sections
were observed using Keyence VHX-5000 optical micro-
scope, rendering a jpg format image. The experimental
setup considered the same constant spray parameters
listed in Tables 3 and 4, while the experiment matrix
had a one-factor-at-a-time design, with levels listed in
Table 7.

The captured images were converted into profile
points through a Python script, applying a lowpass
Gaussian filter to smooth out surface roughness, accord-
ing to the method proposed in [51], as it is not the object
of the prediction. The output was converted into grays-
cale and the profile points were extracted through
thresholding.

For what concerns the slicing and tool path planning
algorithms, their applicative potential was tested on a
demonstrative CAD model. This demonstrator features
concavities to test the concave-hull algorithm and
verify the approach implemented for the identification
of optimal scanning line orientation. Moreover, its vari-
able cross-section validates the adaptive slicing algor-
ithm. The devised geometry is depicted in Figure 6.
The target flatness set for parameter optimisation was
98 %, while the tolerance on local cross-sectional
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Figure 6. CAD model of the demonstrator devised for validation
of the slicing and tool path planning algorithms.

variations for the slicing algorithm was set to 20 %. The
present case was also used to make a realistic compari-
son on computational time between the analytical [22]
and DNN models.

6. Results and discussion

The architecture of the shape prediction model was
tested through a hyperparameter tuning procedure.
The prediction results were then compared to the
analytical model, and the experimental validations. The
slicing and tool path planning algorithms were further-
more tested on a set of demonstrators, which were
also used to evaluate the computational time reduction
of the integrated framework. The following subsections
describe the results obtained for validation.

6.1. Hyperparameter tuning

The DNN configuration was evaluated through the
hyperparameter tuning procedure described in section
2.2. According to this analysis, the effect of the
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Figure 7. Boxplot showing the percent error of the trials of
hyperparameter tuning, analyzing 2 to 6 hidden layers.

Table 8. Values of MSE and R® of the 2D DNN model with
respect to the experimental results.

Variable parameter ~ Parameter value MSE R? MAPE (%)
N. of passes 10 2761073 0976 9.78
14 4.97-107% 0976 8.10
20 10.7-1073 0974 9.58
Scanning speed 150 41.1-1073 0974 233
[mm/s] 250 4.08-1073  0.991 9.58
350 1.74-107%  0.993 7.08
Spray angle [°] 90 4.96-1073  0.990 8.78
80 5.09-1073 0988 304
70 16.9-1073  0.954 353
SoD [mm] 30 6.32-1073  0.986 9.92
35 5.61-1073 0.988 17.7
40 8.55-1073 0.984 235

number of hidden layers on the prediction error for
the testing dataset was identified and summarised in
the boxplot of Figure 7. The mean error and variance
for the configurations with only one hidden layer were
significantly higher than those obtained for deeper net-
works, therefore, these configurations were excluded
from the plot for better clarity.

The results show both the mean value of the errors and
their variance decreases with increasing the number of
hidden layers until reaching an optimum at four hidden
layers. Deeper networks start showing lower performances,
as they model a prediction complexity higher than the one
required for the present problem. No specific trend was
identified related to the mean number of neurons per
layer or total neurons across all layers and performance.
Conversely, the distribution pattern of the neurons along
the layers had an identifiable effect. In particular, the top-
performing configurations showed a recurring pattern of
uniformly decreasing number of neurons along the
depth of the network.

The configuration with the lowest error was selected
as optimal. It presents four hidden layers, with 256, 128,
64 and 32 neurons. The number of training epochs was
selected checking training and validation losses against
overfitting, for a total training time of 16 hours for the 2D
DNN and approximately 2 days for the 3D DNN on a
single core of Intel® Gold Xeon® CPU 6248. The obtained
relative L? percent error of the final configuration with
respect to the testing dataset was 0.59 % for the 2D
DNN and 2.62 % for the 3D one. These errors represent
the ability of the DNNs to reproduce the analytical
model’s single-track predictions, while the following sec-
tions will analyze the experimental errors and the errors
on more complex predictions.

6.2. Experimental validation

Experimental validation was performed using Mean
Squared Error (MSE), the coefficient of determination
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Figure 8. Comparative plot of the simulations and experimental results for different number of passes (a), scanning speed (b), spray
angles (c) and SoD (d) with the 2D DNN simulation.

(R?) and the mean absolute percentage error (MAPE) to other data-driven shape prediction models in the litera-
highlight the model’s susceptibility to variations in input ture [23-26].
parameters. MSE quantifies the prediction error, indicat-
ing how well the model fits the experimental data, with
lower MSE corresponding to higher accuracy. In contrast, 2D DNN
R? represents the proportion of variance explained by Ly — 3DDNN
the model, where values closer to 1 correspond to
lower variance. The MAPE was also included as an
additional metric, for higher ease of interpretation:
lower MAPE corresponds to a lower average error
between experimental and predicted profiles. Concur-
rent evaluation of these metrics provides a more com-
prehensive assessment of the model’s accuracy. The
calculated values for all the tested cases are reported
in Table 8 and comparative plots are shown in Figure 8. 107} ) .

The overall assessment of the model presents satis- 0.0 02 0.4 0.6 0.8 10
factory results with both error metrics, averaging an Mesh size [um]

Yy : ging

_ 2
MSE of 9.40 - 1073, an R* of 0.981 and a MAPE of 16%. Figure 9. Plot illustrating the dependence of the 2D and 3D pre-
These values are also competitive in comparison to diction runtime on the required grid mesh size.

Prediction time [s]
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Figure 10. Comparison of final 3D shape predictions on the selected demonstrator: (a) with the analytical model, (b) with the DNN

model.
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Figure 11. Comparison of the (a) xz and (b) yz side projected views of the demonstrator shape, predicted with the DNN and analytical

models, with corresponding mean percent errors.

It must be highlighted how the extremities of the
training domain present lower accuracy, due to the
lower density of training data. Results regarding the

Table 9. Results of the parameter optimisation algorithm for the
presented demonstrator (Figure 6).

Parameter Value
Spray angle (°) 90
SoD (mm) 30
Max. passes per slice 8
Scanning speed (mm/s) 450
Flatness 99.5%
Excess height (mm) 0.45

prediction of different spray angles correctly predict
the deposit volume but fail to fully capture the
asymmetry of the profiles. This shortcoming
mirrors the predictions of analytical models,
highlighting a discrepancy between analytical and
experimental profile skewness to be addressed in
future works.

6.3. Computational time evaluation

The evaluated runtime for the 2D and 3D DNN predic-
tions was 1 ms/step and 2 ms/step respectively, which
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Figure 12. (a) Side view of the adaptively sliced demonstrator; (b) Tool path obtained on a single slice (blue) upon identified slice

contour (black).

makes the total prediction time linearly dependent on
the number of mesh points. At the same time, contrary
to the analytical models, the duration is fully indepen-
dent of process parameters such as the number of
passes or the scanning speed. To exemplify the
average prediction runtime for a single 10 mm wide
and 30 mm long track, Figure 9 was produced, as a func-
tion of the required mesh size and under the assumption
of a grid mesh.

Due to their different working principles, a straight-
forward comparison of the runtime of DNN model
and the analytical model is not appropriate. The
latter performs time-dependent predictions using
Euler's method to solve the system of differential
equations (Eq. 1, 2); therefore, both the time-step
value and number are relevant parameters influencing
computational time. In general, in the analytical
model, the time-step magnitude is chosen to ensure
the desired accuracy, while the number of time
steps depends on the processing time and, therefore,
on trajectory length and nozzle speed. The calculation
speed may also be affected by the programming soft-
ware, as the analytical model was originally developed
in MATLAB, while the DNN one was based in Python.
Bearing these considerations in mind, the demonstra-
tor of Figure 7 was used to give an applicative indi-
cation of the comparative performance of the two
approaches, conservatively selecting time steps and
employing the same mesh size. The final shape pre-
dictions are shown in Figure 10. The results indicated
that the prediction time of the analytical model was
2h 16 min, while that of the 3D DNN model was

325, producing an overall reduction by a factor of
>250.

For geometrical comparison, the side-views of the
projected part on the xz and yz planes are represented
in Figure 11 both for the analytical and DNN predic-
tions. The mean percent error was calculated for
both views, showing good correspondence between
the models, with values of 7171.58% and 10.65%,
respectively. The analytical prediction shows smoother
results, due to the averaging and interpolations it
performs.

The overall results show that the DNN model signifi-
cantly increases computational speed for predicting
complex 3D shapes while preserving geometrical
consistency.

6.4. Slicing and tool path planning evaluation

The slicing and tool path planning algorithms were
tested on the demonstrator described in Section 5. The
results of the parameter optimisation procedure are
reported in Table 9, showing compliance with the set
tolerances for surface waviness.

Figure 12(a) shows a representation of the adaptive
slicing output, where thicknesses were refined alongside
higher curvature edges, while Figure 12(b) exhibits the
tool path corresponding to a single slice of the demon-
strator geometry.

Additional demonstrators of the adaptive slicing
algorithm are reported in Figure 13 to showcase its flexi-
bility in handling different geometries.
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Figure 13. Additional examples of adaptively sliced models: (a) rocket nozzle, (b) leading edge.

7. Conclusions

This research successfully demonstrates the potential of
combining DNNs with physics-based analytical data to
enhance the predictive capabilities and efficiency of
CSAM. The key findings include the development of
two DNN models to predict the 2D cross-sectional and
3D shapes of cold spray deposits. These models,
trained on a large dataset generated by a physics-
based analytical model, exhibited robust and accurate
predictions with relative percent errors of 0.59 % for
the 2D model and 2.62% for the 3D model with
respect to the analytical predictions. A slightly higher
error in the 3D predictions is expected, as the complexity
of the 3D prediction is higher.

Experimental validation of the 2D DNN predictions
showed high accuracy, with minimal MSE and high
coefficients of determination (R?). Although the models
effectively captured the impact of varying process par-
ameters, some limitations were observed for high
spray angles, indicating the limitations of the analytical
model.

The study highlights a significant improvement in
computational efficiency, as the DNN models substan-
tially reduced the prediction times compared to the
baseline analytical model. This enhancement is crucial
for real-time process optimisation and parameter adjust-
ments, with the average prediction time for a single
track of 10 mm width and 30 mm length, reduced to
just 2 milliseconds per mesh point.



An adaptive slicing algorithm was developed to
adjust the slice heights based on local curvature vari-
ations, reducing the staircase effect and improving geo-
metric accuracy. Additionally, a tool path planning
algorithm was implemented to ensure continuous depo-
sition with minimal overspray, optimising the process for
complex shapes. By integrating DNN predictions into an
optimisation algorithm, this study achieved fine-tuning
of process parameters for optimal geometric accuracy
with minimal material waste. This approach proved
effective in meeting target specifications for surface
flatness and deposit uniformity.

The developed DNN algorithms have a high potential
to be applied for producing complex, high-precision
components with optimised material use and reduced
production times. These advancements enable auto-
mated process adjustments, paving the way to
enhance the quality and efficiency of CSAM.

Future research will focus on refining these models,
enhancing their precision at the edges of the domain
and introducing proper handling of curved substrates
and shadow effects. The developed tool path generation
procedure will therefore serve as a starting framework to
suggest more flexible and complex trajectories, with
varying filling patterns and spray angles. Additional
improvements on computational time could be
achieved through the integration with robot program-
ming platforms. Building on these advancements,
future efforts will also explore physics-informed Al
models that embed domain-specific physical laws into
the learning process for better generalisation and inter-
pretability. The incorporation of continual learning
frameworks will enable the models to adapt dynamically
to evolving process conditions, further enhancing their
scalability and utility in real-time optimisation for CSAM.
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