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The cold spray (CS) process offers an advanced method for metallizing thermoplastic polymers, providing a
low-temperature solution to overcome the limitations of traditional coating techniques. However, optimizing
the cold spray process for metallizing thermoplastic polymers is a complex task due to the numerous
interacting parameters that influence coating quality. As traditional trial-and-error approaches are time-
consuming and costly, machine learning (ML) could offer a solution to these challenges by providing
further insights into the process and enabling more efficient optimization. The aim of this work is to identify
the most relevant input parameters for ML models, with a particular focus on powder characteristics, to
predict two critical outcomes: particle flattening and penetration depth. Two distinct datasets were created
for this study: one focused on particle yield strength and the other on powder density, each combined with
further input parameters like impact velocity and substrate yield strength. These datasets were constructed
using experimental data and finite element modeling (FEM) simulations, with materials including copper,
aluminum, titanium, and others, applied to thermoplastic substrates like polyether ether ketone (PEEK),
acrylonitrile butadiene styrene (ABS), and polyamide 66 (PA66). Several ML algorithms, including decision
trees, neural networks, and Gaussian process regression, were tested to predict coating behavior, and the
effects of Z-score normalization were evaluated for improving model stability and prediction accuracy. The
results show that particle yield strength is crucial for flattening, while particle density primarily governs
penetration depth. This study demonstrates that ML, when combined with a solid understanding of the
process, offers an effective framework for optimizing CS deposition on polymers.
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1. Introduction

Thermoplastic polymers have experienced significant
growth in both research and industry due to their exceptional
properties, such as high strength, toughness, chemical resis-
tance, and ease of processing (Ref 1-3). A major factor fuelling
this interest is the increasing demand for sustainable and
recyclable materials (Ref 4). As industries seek to reduce their
environmental footprint, thermoplastics offer a promising
solution compared to traditional thermosetting polymers, which
cannot be remelted and reformed (Ref 5, 6). This adaptability
has led to advancements in high-performance thermoplastics,
particularly in industries that require materials capable of
withstanding extreme conditions (Ref 7). Materials like
polyether ether ketone (PEEK), polyphenylene sulfide (PPS),
and polyimides (PI), AND Acrylonitrile butadiene styrene
(ABS) are notable for their excellent thermal stability, increas-
ingly replacing metals and traditional thermosets in demanding
applications (Ref 8, 9). The rise of additive manufacturing has
also driven innovation, allowing high-performance thermoplas-
tics to be customized for 3D printing, enabling complex
geometries and tailored material properties (Ref 1). However,
despite their advantages, thermoplastics are still limited by
issues such as lower surface hardness, susceptibility to
scratching and wear, and inadequate resistance to UV light
and chemicals (Ref 10, 11). Additionally, thermoplastics often
lack the electrical and thermal conductivity required in certain
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applications, posing challenges in fields that demand efficient
heat dissipation or electrical grounding (Ref 12).

To address these limitations, surface modification tech-
niques, such as metallization, have become increasingly
important (Ref 13). Traditional techniques, like thermal spray
methods, pose considerable risks to polymer surfaces, as their
high temperatures can cause thermal degradation, distortion, or
damage (Ref 14). Additionally, vapor deposition techniques,
while capable of producing thin, uniform coatings, tend to be
expensive, slow, and suitable only for small workpieces due to
vacuum requirements (Ref 15). In contrast, cold spray (CS)
technology has emerged as an effective alternative for metal-
lizing polymers (Ref 16, 17). CS is a low-temperature process
in which metallic powders are accelerated to supersonic speeds
and impact a substrate, forming strong bonds without thermal
degradation (Ref 18). This makes it particularly useful for
coating temperature-sensitive materials like thermoplastics,
avoiding the thermal damage associated with traditional
thermal spray methods (Ref 19). Furthermore, cold spray
avoids harmful chemicals and high vacuum requirements,
reducing environmental impact and operational costs (Ref 20).
Cold spray has been successfully used to apply a wide range of
metallic coatings, including aluminum, copper, and steel, on
various substrates, such as thermoplastics, polymers, and
composites, leading to improved performance and durability
(Ref 21-23). Its application to polymer substrates offers
promising opportunities across various fields. In aerospace,
cold spray coatings could enhance the lightning strike protec-
tion of lightweight composites like CFRPs and PEEK, improv-
ing their electrical conductivity while maintaining structural
integrity (Ref 24). In the automotive sector, cold spray could
enhance the thermal stability, wear resistance, and EMI
shielding of plastic and composite parts, particularly in electric
vehicles (Ref 25). Biomedical applications include coatings for
prosthetic implants and medical devices, where biocompatible
materials such as titanium and hydroxyapatite could improve
osseointegration and wear resistance (Ref 26). Most of these
studies are based on experiments, and while metal-to-metal
deposition has been modeled theoretically and numerically,
advanced modeling for deposition on polymeric and composite
materials is lacking. The few numerical models developed tend
to be inefficient, requiring extensive calculations of numerous
parameters related to both the particles and the substrate, which
often makes material characterization more burdensome than
the experimental deposition tests (Ref 27, 28).

In this context, machine learning (ML) offers a cost-
effective solution to enhance cold spray technology for polymer
metallization by minimizing the need for extensive experimen-
tal tests with various powders or substrates. The integration of
ML techniques into cold spray processing could further
accelerate its implementation by enabling the prediction of
coating characteristics, reducing the reliance on extensive
experimental testing or complex numerical modeling. An ML-
driven approach could aid in selecting optimal polymer
substrates and fine-tuning process parameters to achieve desired
coating properties. Previous studies have highlighted the
potential of ML techniques to predict cold spray coating
characteristics (Ref 29, 30). However, since these characteris-
tics depend on numerous factors related to both the process and
the materials, further research is necessary to identify the most
relevant parameters to include as inputs for the models. These
input parameters can be grouped into three main categories:
process parameters, substrate parameters, and powder param-

eters. To keep the model manageable, it is crucial to limit the
number of parameters selected from each category (Ref 31).

This study aims to leverage machine learning techniques to
predict and optimize the CS deposition on thermoplastic
polymers. The focus is on identifying the most influential
parameters that govern coating uniformity and adhesion on the
substrate. Specifically, this research investigates the impact of
two key powder characteristics, yield strength and density, on
the model�s ability to predict effective coating results. In
addition to the powder characteristics, impact velocity, which
encompasses key process parameters was included, along with
the yield strength of the substrate, chosen for its role in
governing plastic deformation during deposition. The output
parameters considered were penetration depth, which measures
how deeply the particles embed into the substrate, and
flattening, which describes the extent to which particles deform
and spread upon impact. To ensure the model was trained on a
sufficiently large and accurate dataset while minimizing
potential inaccuracies, a hybrid approach was adopted, com-
bining experimental data with computational data derived from
finite element models (FEM). To build the dataset, a variety of
metallic materials were considered for both the experimental
trials and the FEM simulations. The powders selected included
copper, aluminum, titanium, 316L steel, and Inconel 718, while
different polymeric substrates, such as PEEK, ABS, and PA66,
were used for deposition. For the machine learning experi-
ments, the MATLAB Classifier Learner app was employed,
utilizing a range of algorithms to ensure comprehensive testing
and performance evaluation. By leveraging both computational
approaches and existing knowledge of the process, this study
seeks to enhance the understanding of how various parameters
influence coating quality, ultimately contributing to more
efficient and informed process optimization.

2. Materials and Methods

2.1 Composition of the Dataset

In this study, two distinct datasets were used, each defined by
different input parameterswhile sharing the sameoutput parameters.
To evaluate the influence of powder characteristics, the first dataset,
referred to as the ‘‘Yp dataset,’’ included the yield strength of the
powders (Yp), particle impact velocity (vp), and substrate yield
strength (Ys) as its input parameters. The second dataset, labeled the
‘‘q dataset,’’ utilized powder density (q), particle impact velocity
(vp), and substrate yield strength as the input parameters.

The selection of Yp and q as the powder properties for
comparison stems from their significance in the cold spray
literature and their critical influence on the deposition process
(Ref 32, 33). Yield strength is a pivotal factor in determining
the degree of plastic deformation experienced by the powders
during impact, while density integrates particle size and mass,
offering insight into particle acceleration dynamics.

In addition to the powder characteristics, other input
parameters included impact velocity and yield strength of the
substrate. The first was included as a key process parameter
because it reflects the combined effects of temperature,
pressure, and standoff distance, all of which directly influence
the deposition process (Ref 34). The latter was considered as it
governs the plastic deformation of the substrate during particle
impact (Ref 35).
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The output parameters evaluated were penetration depth and
flattening, both of which are essential for assessing coating
adhesion in cold spray processes. Penetration depth quantifies
the extent to which particles embed into the substrate and is
influenced by factors, such as impact velocity, particle temper-
ature, and material properties (Ref 36, 37). Flattening describes
the degree of deformation and spreading of particles upon
impact, which depends on variables like particle velocity,
temperature, size, and substrate characteristics. These metrics,
critical for understanding coating adhesion in cold spray
processes, are defined in Eq 1 and 2:

Flattening %½ � ¼ dp � dp;i
dp

� 100 ðEq 1Þ

Penetration depth %½ � ¼ Hs � Hs;i

Hs
� 100 ðEq 2Þ

where dp and Hs represent the particle diameter and substrate
height before impact, dp,i and Hs,i denote these parameters after
impact.

To ensure the reliability of the machine learning models, a
large and accurate dataset was required. A hybrid approach was
adopted, combining a limited amount of experimental data with
computational data generated through finite element modeling
(FEM). Although FEM data may lack the precision of
experimental measurements, they address the practical limita-
tions of experimental studies. Accordingly, the datasets were
composed of 30% experimental data and 70% FEM data. Each
dataset contained a total of 198 samples, which were equally
divided for analysis, with 99 samples allocated for training the
models and the remaining 99 used for testing and evaluating
model performance. The materials selected for the datasets
were chosen based on their diverse properties and relevance to
cold spray applications. The powders analyzed included
copper, aluminum, 316 steel, titanium, Inconel718, and tin,
while the substrates used in the study comprised PEEK, ABS,
and PA66. The characteristics of the tested materials, based on
previous experiments and literature (Ref 38, 39), are presented
in Table 1, for the powder, and Table 2, for the substrates.

Experimental data were gathered analyzing the coatings
obtained by employing low-pressure cold spray equipment
(DYCOMET), considering all the evaluated substrates and
powders. For the remaining 70% of the dataset, a finite element
model was developed to simulate the impact of a single metallic
particle on a polymeric substrate using a commercially
available FE analysis program (Abaqus). For the machine
learning experiments, the MATLAB Classifier Learner app was
utilized to explore a diverse array of algorithms, enabling
thorough testing and assessment of model performance. Various

approaches, such as linear classifiers (Ref 40), decision trees
(Ref 41), ensemble techniques (Ref 42), and support vector
machines (Ref 43), were systematically evaluated to identify
the most effective predictive models. In this study, only the top-
performing algorithms are reported in the results. To evaluate
the robustness of the models, k-fold cross-validation using both
k = 5 and k = 10 were conducted. Given the relatively small
dataset size, it was found that the results were equivalent across
both values of k, indicating stable model performance.

2.2 FEM Modeling for Training Dataset Construction

A finite element (FE) model was developed using Abaqus to
simulate the high-velocity impact of a single metallic particle
on a polymeric substrate, aiming to ensure the accuracy of the
training dataset. The FE model was previously validated,
providing reliable predictions for material deformation under
diverse impact conditions (Ref 44). The simulation used a 2D-
axisymmetric Lagrangian framework, commonly applied in
high-impact studies, to model a spherical particle impacting
perpendicularly onto a substrate at least five times its size (Ref
45-47). This size ratio was selected to prevent interference from
reflected elastic waves at the boundaries during impact. The
particle diameter was set to 18 lm, and the computational
domain featured a finely graded mesh, with the particle and the
interface region of the substrate sharing a nominal element size
of 18 lm/25. Dynamic explicit analysis accounted for adiabatic
heating effects, while boundary constraints were applied to the
substrate. Initial conditions included the particle�s velocity and
a room temperature of 298 K for both components. Gravity and
air resistance were neglected, but plasticity-induced heating and
frictional effects (with a coefficient of 0.35) were incorporated
using the general contact algorithm (Ref 48). Material behavior
followed the Johnson-Cook (JC) plasticity model, suitable for
large strains, high strain rates, and thermal softening. The JC
model parameters were integrated into simulations involving

Table 1 Powder properties used for the construction of the training and test datasets

Material parameters Copper Aluminum 316L steel Titanium Tin Inconel718

Density, kg/m3 8960 2710 8000 4500 5765 8190
Yield Strength, GPa 0.033 0.18 0.29 0.97 0.017 1.035
Young�s modulus, GPa 124 68.9 193 109 44.3 194.6
Poisson ratio 0.34 0.33 0.25 0.338 0.33 0.30
Thermal conductivity, W/m �C 386 204 16.2 21.4 63.2 11.4
Heat capacity, J/kg �C 383 904 500 520 213 435
Melting temperature, �C 1083 630 1371 1650 231.9 1300

Table 2 Substrates properties used for the construction
of the training and test datasets

Material parameters PEEK ABS PA66

Density, kg/m3 1300 1040 1140
Yield Strength, GPa 0.141 0.045 0.054
Young�s modulus, GPa 3.5 2.3 2.9
Poisson ratio 0.4 0.32 0.42
Thermal conductivity, W/m �C 0.25 0.16 0.2
Heat capacity, J/kg �C 2180 2100 1500
Melting temperature, �C 341 240 257
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different material combinations of the metal particles and
polymeric substrates. In addition to the material properties
outlined in Tables 1 and 2, the simulations incorporated
supplementary parameters, as specified in Tables 3 and 4.

Output parameters of particle flattening and penetration
depth were calculated for velocities ranging from 50 to 350 m/s
in 30 m/s increments for each material combination, according
to Eq 1 and 2.

2.3 Cold Spray Deposition for Training and Test Dataset
Construction

The substrates were composed of thermoplastic panels
measuring 100 mm 9 100 mm 9 5 mm. Micron-sized spher-
ical metallic powders, provided by LPW South Europe, with
diameters ranging from 10 to 40 lm, were sprayed onto the
thermoplastic surface using the cold spray process. The particle
size distribution of the powders used is detailed in the authors�
previous works (Ref 23, 49). The metallization was conducted
using a low-pressure cold spray (LPCS) machine (Dycomet
423), with nitrogen serving as the propellant gas. In this study,
carrier gas pressure, standoff distance, and temperature were
varied, as they significantly influence impact velocity in cold
spray deposition (Ref 50, 51). Although gas pressure is not the
primary factor affecting deposition on polymer substrates, since
impact velocity can also be effectively controlled by modifying
standoff distance and temperature (Ref 52), it was regulated
within the machine�s operating range to achieve more precise
tuning of the deposition process. Standoff distance is a critical
parameter, as shorter distances result in greater thermal
exposure and increased impact pressure from particle collisions,
influencing the coating growth mechanism (Ref 53, 54). Proper
optimization of this parameter is essential for enhancing
deposition efficiency while mitigating issues such as delami-
nation and erosion. The temperature at the nozzle outlet was
monitored using a K type thermocouple. In CS deposition on
polymer substrates, careful temperature selection is crucial to
prevent thermal degradation, as these materials are highly
sensitive to elevated temperatures. The gun traverse speed was
maintained at 1.6 mm per second to ensure sufficient substrate
heating, facilitating the effective accommodation of impacting
particles (Ref 55). The selected process parameters were based
on prior research and established literature (Ref 56-62) and are
summarized in Table 5.

The samples were positioned on a platform. The spraying
gun, mounted on a HIGH-Z S-400/T-CNC-Technik robot,
operated remotely and sprayed perpendicularly to the sub-
strates. For evaluating impact velocity, models from the
literature were employed to calculate this parameter based on

the processing conditions (Ref 33, 50). After deposition, the
coating characteristics selected as output parameters, namely
flattening and penetration depth, were assessed. To measure
these values, the specimens were sectioned perpendicular to the
coating surface, and the surfaces were analyzed using a Hitachi
TM3000 electron microscope (Fig. 1). SEM micrographs were
analyzed using Fiji software, with a custom script developed to
automate particle recognition and measurement. A thresholding
technique was applied to enhance the contrast between metallic
particles and the polymeric substrate, thereby facilitating
accurate measurement. For each dataset entry, five micrographs,
each measuring 500 9 500 lm, were analyzed to determine
the mean values of flattening and penetration depth. Flattening
was calculated as the percentage change in particle diameter
following impact, with the measurement averaged over ten
particles per micrograph. Similarly, penetration depth was
quantified as the ratio of the change in substrate height to its
initial height, based on ten measurements per micrograph to
ensure the reliability and consistency of the results.

2.4 Machine Learning Models

The range of ML models present in MATLAB Classifier
Learner app were tested to predict key output variables of the

Table 3 Powder properties used in the FEM simulations

Material parameters Copper Aluminum 316L steel Titanium Tin Inconel718

Yield strength, A, MPa 90 148.4 305 88.36 45.50 1108
Hardening modulus, B, MPa 292 345.5 1161 783.54 267.73 699
Hardening exponent ,n 0.31 0.183 0.61 0.5009 0.3947 0.5189
Strain rate sensitivity coefficient, C 0.025 0.001 0.01 0.0943 0.0966 0.0085
Reference strain rate, e�0, s

�1 1.0 1.0 1.0 1 1.0 1.0
Thermal exponent, m 1.09 0.895 0.517 0.4527 0.4560 1.2861
Inelastic heat fraction 0.9 0.9 0.9 0.9 0.9 0.9
Reference temperature, TR, , �C 298 298 298 298 298 298

Table 4 Substrates properties used in the FEM
simulations

Material parameters PEEK ABS PA66

Yield strength, A, MPa 132 39 110
Hardening modulus, B, MPa 10 48 0
Hardening exponent ,n 1.2 1.5 1
Strain rate sensitivity coefficient, C 0.034 0.053 0.01
Reference strain rate, e�0, s

�1 0.001 0.001 0.001
Thermal exponent, m 0.634 0.88 0.8
Inelastic heat fraction 0.9 0.9 0.9
Reference temperature, TR,, �C 143 97 140

Table 5 Process parameters employed for CS deposition

Temperature in the process chamber, �C 25
Temperature at the outlet of the nozzle, �C 100-350
Velocity at the nozzle outlet, mm/s 1.6
Carrier gas inlet pressure, MPa 0.6-0.8
Standoff distance, mm 20-100
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process. All ML models were implemented and evaluated using
MATLAB, utilizing the Classifier Learner app to train and
assess the algorithms. The models that exhibited the best
performance in predicting flattening and penetration depth were
squared exponential Gaussian process regression (GPR),
boosted trees, Matern 5/2 GPR, trilayered neural network,
and medium neural network. These models were selected for
their ability to effectively capture the complex, nonlinear
relationships between the input parameters, which included
particle yield strength, density, impact velocity, and substrate
yield strength. The Squared Exponential GPR model was
particularly effective due to its ability to model smooth,
continuous relationships in the data. This made it well-suited
for predicting output variables with high accuracy. Similarly,
the Matern 5/2 GPR model was used for its flexibility,
providing robust predictions across a wider range of data
patterns, while also offering uncertainty estimates that comple-
mented the predictions. Boosted Trees, specifically gradient
boosting models, were selected for their capacity to improve
prediction performance by combining the strengths of multiple
weak learners into a more powerful and reliable model. The
trilayered neural network model was employed for its ability to
capture complex, nonlinear interactions in the dataset, allowing
it to provide highly accurate predictions for the output
variables. Additionally, the medium neural network proved
effective by modeling intricate relationships and delivering
reliable results across the datasets.

To assess the performance of these models, several evalu-
ation metrics were used: root mean square error (RMSE), R-
squared (R2), mean squared error (MSE), and mean absolute
error (MAE). Those parameters are defined in Eq 3-6.

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

n

� �

Xn

i¼1
yi � xið Þ2

s

ðEq 3Þ

R� squared ¼ 1�
Pn

i¼1 e
2
i

Pn
i¼1 yi � yð Þ2

ðEq 4Þ

MSE ¼
XD

i¼1
xi � yið Þ2 ðEq 5Þ

MAE ¼
XD

i¼1
xi � yij j ðEq 6Þ

The RMSE is a metric sensitive to outliers that calculates the
square root of the average squared errors. R2 quantifies how
well the model�s predictions align with the observed data in
terms of variance. The MSE calculates the average squared
differences between predicted and observed values, while the
MAE assesses the average absolute differences between
predictions and actual outcomes, giving a clearer view of
model performance without the influence of outliers. Lower
values for these metrics indicate better model accuracy. To
improve the models� stability and performance, Z-score nor-
malization was tested. Z-score normalization, also known as
standardization, is a statistical technique used to scale the
values of a dataset so that they have a mean of 0 and a standard
deviation of 1 (Ref 63). It transforms data points to a standard
scale, making them easier to compare, while preserving the
relationships between the values. The formula for Z-score
normalization is:

z ¼ ðx� lÞ=r ðEq 7Þ

where x is the original value, l is the mean (average) of the
dataset, r is the standard deviation of the dataset and z
represented the normalized value (Z-score). Z-score normal-
ization is a common preprocessing step in machine learning,
ensuring that features are on a comparable scale for better
model performance. In MATLAB, Z-score normalization was
used to standardize data by centering it (mean = 0) and scaling
it (standard deviation = 1).

3. Results and Discussion

The test results for the two distinct datasets are summarized
below. For each input parameter (namely, flattening and
penetration depth), and based on whether Z-score normalization
was applied or not, the performance of the deep learning
models yielding the best results is reported. For the Yp-dataset,
which uses particle yield strength as the defining parameter for
powder characterization, the results are presented in Table 6,
where no Z-score normalization has been applied.

Regarding the results obtained for the q-dataset, which
considers density as the defining parameter for powder
characterization, the outcomes without Z-score normalization
are presented in Table 7.

Fig. 1 Scheme illustrating the parameters employed for the calculation of flattening and penetration depth
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It is worth noticing that, for the same output parameter,
different models achieve the best performance depending on the
dataset considered. To facilitate a clearer comparison of the
results obtained, the outcomes are presented in the graph shown
in Fig. 2.

It can be observed that, for flattening, the Yp-dataset
consistently yields lower error values across all performance
metrics, with predictions being up to 86% more accurate. In
contrast, for penetration depth, the dataset based on density
leads to more accurate predictions for all performance indica-
tors, resulting in a 45% improvement in MSE. To evaluate its
potential impact on model performance, stability, and effi-
ciency, Z-score normalization was applied to standardize the
feature scales. The results obtained with this normalization for
the Yp-dataset are presented in Table 8.

The results obtained for the q-dataset, with Z-score normal-
ization applied, are presented in Table 9.

As in previous cases, different models achieved the best
performance for predicting flattening and penetration depth.
The results are presented in the graphs shown in Fig. 3 to allow
for an effective comparison.

A notable improvement is observed in the prediction of
flattening for the q-dataset, with performance exceeding that of
the Yp-dataset, although the difference remains at a maximum
of 0.20. In contrast, for the prediction of penetration depth, the
Yp-dataset exhibits superior performance. However, to assess
whether Z-score normalization contributes to improved results,
it is necessary to compare these outcomes with those obtained
from the non-normalized data. For ease of comparison, the
results are presented in Fig. 4.

A detailed analysis of Fig. 4 demonstrates that normalization
significantly reduces the prediction error for flattening. In
contrast, for penetration depth, normalization results in a
substantial increase in error values across all performance
metrics. Such trends are consistent across both datasets.
Therefore, it is recommended to apply normalization exclu-
sively when the output parameter being modeled is flattening.

The results reveal distinct advantages and limitations when
using yield strength or density as input parameters, with each

offering unique insights into the CS process. From an
engineering standpoint, yield strength plays a critical role in
particle flattening because it governs the material�s resistance to
plastic deformation. Softer particles with low Yp, such as
copper and tin, deform more readily upon impact, leading to
greater flattening. This behavior is particularly evident on
firmer substrates like PEEK, which provide the necessary
mechanical resistance to induce deformation. Conversely,
harder particles, such as titanium or Inconel, display limited
flattening due to their higher resistance to plastic deformation.
On the other hand, density is a more critical parameter for
penetration depth because it directly influences the kinetic
energy of the particles, which is proportional to mass and
velocity squared. Denser particles, like copper, steel and
Inconel, retain more momentum and penetrate deeper into the
substrate, whereas lighter materials, such as aluminum, exhibit
reduced penetration due to their lower energy transfer. Substrate
compliance further amplifies these effects, as softer substrates
like ABS allow deeper penetration by dissipating kinetic energy
more effectively, while firmer substrates resist deformation.

The varying influence of the two input parameters on the
considered outputs provides insight into why Z-score normal-
ization reduces prediction error for flattening while leading to
an increase in error when predicting penetration depth. Z-score
normalization standardizes feature values and is particularly
effective in reducing error when the relationship between input
and output variables is nonlinear. Since the correlation between
the plastic deformation of the particle, and consequently
flattening, and its yield strength is highly nonlinear due to
strain hardening and the absence of a perfectly rigid substrate,
normalization enables the model to capture subtle variations
more effectively, thereby enhancing prediction accuracy (Ref
33, 36). The correlation between penetration depth and particle
density is predominantly linear. Specifically, the particle�s
ability to penetrate the substrate depends on the latter�s capacity
for plastic deformation. By considering the substrate deforma-
tion as the impact of a sphere on a plane, in accordance with
Hertz�s theory, the energy required for substrate deformation
can be expressed as follows (Ref 33):

Table 6 Performance metrics for the models predicting flattening and penetration depth on the Yp-dataset, evaluated on
validation and test sets

Output parameter Model Dataset RMSE R-Squared MSE MAE

Flattening Squared exponential GPR Validation set 2.37 0.80 5.63 1.44
Test set 2.41 � 0.36 5.8 1.68

Penetration depth Boosted trees Validation set 1.22 0.84 1.48 0.89
Test set 3.58 0.40 12.8 2.86

Table 7 Performance metrics for the models predicting flattening and penetration depth on the q-dataset, evaluated on
validation and test sets

Output parameter Model Dataset RMSE R-Squared MSE MAE

Flattening Matern 5/2 GPR Validation set 1.71 0.90 2.91 0.94
Test set 6.44 � 8.70 41.42 5.25

Penetration depth Trilayered neural network Validation set 0.40 0.98 0.16 0.30
Test set 2.65 0.67 7.03 2.06
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EPLA ¼ pa�43Ys
4R

� �

¼ Vp3Ys ðEq 8Þ

where Ys represents the yield strength of the substrate, and
pa�4=4R corresponds to the apparent volume of the particle,
which is the volume of material displaced upon impact. This
displaced volume closely approximates the particle�s volume
(Vp) when complete penetration into the substrate occurs.
Considering that the kinetic energy, which is the primary form
of energy possessed by the particle as it exits the nozzle, is
given by Ek ¼ qVpv2 , it follows that the relationship between
substrate deformation and particle density is largely linear,
assuming the impact velocity, controlled through process
parameters, remains constant. The disparity between validation
and test results highlights the need for more robust training
datasets and models that better capture complex, nonlinear
relationships. While Z-score normalization effectively stabi-
lized feature scales, leading to improved convergence and

reduced training instability, the results indicate that preprocess-
ing alone is insufficient to address the inherent challenges of
modeling flattening behavior, particularly for softer particles or
lower velocities.

From a machine learning perspective, the selection of input
parameters significantly impacts model performance. Yield
strength, which captures the material�s deformation behavior, is
a more suitable predictor for flattening. However, the results
indicate that models using Yp struggled to generalize on test
sets, suggesting that flattening is influenced by complex,
nonlinear factors, such as strain hardening and substrate
interaction. Gaussian process regression (GPR) performed best
in predicting flattening because it is particularly adept at
capturing smooth but nonlinear relationships. GPR is a
nonparametric, probabilistic model that excels in situations
where the underlying function is not strictly linear. It works by
inferring a distribution over possible functions, making it well-
suited for predicting complex, nonlinear behavior in the

Fig. 2 Comparison of performance metrics for Yp-dataset and q-dataset, evaluated for (a) Flattening and (b) Penetration Depth

Table 8 Performance metrics for the models predicting flattening and penetration depth on the Yp-dataset, evaluated on
validation and test sets with Z-score normalization applied

Output parameter Model Dataset RMSE R-Squared MSE MAE

Flattening Squared exponential GPR Validation set 0.46 0.78 0.22 0.27
Test set 1.26 � 0.61 1.60 1.05

Penetration depth Trilayered neural network Validation set 0.38 0.85 0.15 0.24
Test set 5.37 � 28.11 28.84 3.61

Table 9 Performance metrics for the models predicting flattening and penetration depth on the q-dataset, evaluated on
validation and test sets with Z-score normalization applied

Output parameter Model Dataset RMSE R-Squared MSE MAE

Flattening Squared exponential GPR Validation set 0.32 0.90 0.10 0.19
Test set 1.19 � 0.43 1.42 0.81

Penetration depth Medium neural network Validation set 0.22 0.95 0.05 0.11
Test set 6.62 � 43.22 43.82 5.54

Journal of Materials Engineering and Performance



Fig. 3 Comparison of performance metrics for Yp-dataset and q-dataset with Z-score Normalization Applied, evaluated for (a) Flattening and
(b) Penetration Depth

Fig. 4 Comparison of performance metrics with and without Z-score normalization for: (a) Flattening on Yp-dataset, (b) Flattening on q-
dataset; (c) Penetration Depth on Yp-dataset; (d) Penetration Depth on q-dataset
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flattening process where interactions between material proper-
ties and process parameters are highly nonlinear and difficult to
model explicitly. In contrast, density, while less relevant for
flattening, proves to be a superior input for predicting
penetration depth due to its strong correlation with kinetic
energy transfer. Models trained with particle density (q\rhoq)
consistently outperformed those using yield strength for
penetration depth predictions, as the physical principles gov-
erning penetration depth are more directly tied to the energy
transfer, which exhibits a more linear relationship with density.
Boosted trees, a method based on the ensemble learning of
decision trees, are better suited for capturing this type of
relationship. Decision trees in a boosting framework focus on
learning the residuals of previous models, allowing the model
to build a piecewise approximation of the target function. This
method is well-suited for capturing the linear or piecewise-
linear dependencies of penetration depth on density, where the
relationship can be more easily approximated by sequential
binary splits that follow the inherent linearity of energy transfer
processes. The application of z-score normalization improved
prediction stability for by standardizing feature scales, ensuring
that the models could perform more consistently by reducing
the potential for one variable to dominate due to its larger
magnitude, especially for the prediction of penetration depth.

To gain a deeper understanding of the relationship between
the analyzed output variables and the input variables, as well as
to assess better the models� ability to predict the coating
characteristics after deposition, the results of the finite element
simulations presented in Fig. 5 should be examined.

Figure 5 presents the flattening and penetration depth trends
for the different powders analyzed. The substrates, PEEK and
ABS, are characterized by high and low yield strengths,
respectively, with yield strength being the only input parameter
considered. To facilitate comparison, the legends in Fig. 5(a, b)
are ordered by increasing yield strength, while those in Fig. 5(c,
d) are arranged by increasing density.

Flattening behavior is predominantly influenced by the yield
strength of the material, as particles with similar Yp values
exhibit comparable trends as impact velocity changes. In
contrast, for penetration depth, materials with similar density
values show similar trends with varying impact velocities. This
pattern holds across all substrate types; however, a distinct
trend is observed at higher velocities for softer particles with
lower Yp values impacting the stiffer PEEK substrate. In this
case, evaluating flattening becomes more challenging due to the
rigidity of the PEEK substrate, which limits the deformation of
the particles. As impact velocities increase, the strain rate rises
rapidly, amplifying the work-hardening effect in the material.

Fig. 5 Results of FEM simulations showing the effect of impact velocity on output parameters: (a) Flattening for PEEK; (b) Flattening for
ABS; (c) Penetration Depth for PEEK; (d) Penetration Depth for ABS
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Flattening behavior thus becomes increasingly dependent on
the material properties, as softer materials experience work-
hardening at lower velocities. These complex interactions make
it challenging to predict flattening accurately. Therefore, further
refinement of predictive models is necessary to better capture
these material-dependent effects. This analysis is consistent
with the results obtained from the machine learning models and
highlights the crucial role of a comprehensive understanding of
the underlying process when applying machine learning
techniques. The accuracy of the predictions is strongly
influenced by this fundamental knowledge, emphasizing the
importance of a deep understanding of the process to guide and
improve model development.

In conclusion, the optimization of process parameters
reveals clear distinctions for maximizing flattening and pene-
tration depth. For flattening, softer particles with low Yp, firmer
substrates, and moderate impact velocities create conditions
that encourage significant mechanical interlocking. In contrast,
to maximize penetration depth, denser particles, softer sub-
strates, and higher velocities are more effective, as they ensure
sufficient momentum transfer and energy dissipation. The
machine learning models reinforce these observations, demon-
strating that Yp is crucial for predicting flattening, while q
provides better predictions for penetration depth. Together, the
engineering and computational perspectives offer a compre-
hensive understanding of how input parameters influence cold
spraying outcomes, providing valuable insights to optimize
coatings for diverse applications.

4. Conclusions

In this work, machine learning was employed in this study
to identify the most influential parameters for optimizing the
cold spray process for metallizing thermoplastic polymers, with
a focus on powder characteristics. Two different datasets were
used, one based on particle yield strength and the other on
powder density, with both datasets combining experimental
data and finite element modeling (FEM) simulations. The key
findings from the analysis are as follows:

1. Machine learning models effectively predicted particle
flattening and penetration depth, demonstrating the poten-
tial of ML to optimize the CS process for polymer coat-
ings.

2. Different ML algorithms yielded the best performance
depending on the dataset and whether normalization was
applied. For example, Gaussian process regression (GPR)
models showed superior performance for flattening when
using the yield strength dataset with normalization, while
neural networks performed better for penetration depth
predictions based on the density dataset, especially when
normalization was not applied. This variability empha-
sizes the importance of choosing the right algorithm and
preprocessing method for each specific outcome.

3. The error analysis showed that the models trained on
yield strength (Yp) achieved lower prediction errors for
flattening, with RMSE values indicating a strong correla-
tion between predicted and observed values. For penetra-
tion depth, models based on particle density (q) had
slightly higher errors but still maintained a good predic-

tive performance, demonstrating the accuracy of the ap-
proach.

4. Z-score normalization improved the stability and accu-
racy of the predictions, particularly for flattening. How-
ever, its impact on penetration depth predictions was less
pronounced, suggesting that the effect of normalization is
dependent on the specific parameter being predicted.

5. The trends observed in the ML predictions were con-
firmed through the analysis of FEM results. By examin-
ing the responses of different materials, it was evident
that materials with similar densities exhibited similar
behavior when penetration depth was plotted against im-
pact velocity. Similarly, materials with similar yield
strengths displayed comparable flattening trends. This
correlation between ML predictions and FEM trends vali-
dates the reliability of the ML approach in predicting
cold spray outcomes.
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