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Abstract

This study presents a robust methodology for analyzing 3D roughness parameters to
characterize sandblasted surfaces, identifying the most relevant descriptors for process
optimization. Sandblasting with irregularly shaped corundum particles is performed using
five grit sizes (25, 50, 90, 125, and 250 pm) and three pressure levels (2, 3, and 4 bar). The re-
sulting surfaces are characterized through eight 3D roughness parameters: Sa, Spc, Sal, Sfd,
Sdq, Sdr, Spd, and Str. A linear model of the form Q = a + b.D + d.D.P, where Q represents
the roughness parameter, D is the average grit size, and P is the sandblasting pressure, is
employed. For Spd, a nonlinear model, Spd = (a + b.D + d.D.P)?, yields a significantly
improved determination coefficient, demonstrating the model’s enhanced ability to capture
the complexity of the Spd parameter. The double-bootstrap analysis validates the statis-
tical significance of all models, providing confidence intervals for each parameter. This
approach emphasizes the importance of advanced 3D roughness descriptors for accurately
analyzing surface textures in sandblasting processes, offering a reliable framework for
surface characterization and industrial optimization.

Keywords: Ti-6A1-4V; sandblasted surfaces; roughness; 3D topography

1. Introduction

Surface texturing through sandblasting is a widely employed technique in numerous
sectors, such as in surface coatings [1-5], aerospace [6], or in the medical field (cellular
biology [7-12], dental biology [13-15], ...). By projecting abrasive media at high velocities
onto a material’s surface, sandblasting modifies the topography, affecting critical functional
properties such as adhesion [16-18], wettability [19], or tribological performance [20,21].
In the medical field, sandblasting has been largely used for improving metallic implant
integration in biological tissues and notably in bone. Sandblasting creates optimal sur-
face micro-roughness (0.5-2.0 um), which enhances surface area and free energy, thereby
promoting protein and cell adhesion [22], osteoblastic differentiation and consequently
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osseointegration, a phenomenon defined as a direct structural and functional connection
between the living bone and the implant surface [23,24]. However, despite many years of
work, implant dentistry still faces long healing periods to achieve osseointegration, limited
treatment options for some patients with only 45-65% bone-implant contact (BIC) and
approximately 8% failure rate. Therefore, the goal of improving the osseointegration of
microrough Ti alloys” implants provides an avenue for continued investigation in this field
by improving the sandblasting process [24].

However, the relationship between sandblasting parameters and the resulting sur-
face characteristics remains complex, involving multiple interacting variables and scale-
dependent effects [25]. Recent studies confirm that the surface roughness generated by
sandblasting is strongly influenced by air pressure, particle size, and projection distance.
Among these, air pressure is often reported as the most dominant parameter. As instance,
increasing blasting pressure on ST-37 steel plates significantly raises the average surface
roughness (Sa) due to higher particle kinetic energy [26]. Similar trends were observed for
55400 steel, where the Sa increased almost linearly with pressure, regardless of abrasive
mesh size [27]. For metallic and functional materials, the effect of pressure also depends
on the substrate’s mechanical properties. In titanium and dental alloys, three-dimensional
roughness parameters (Sa, Sdq, Sdr) increase with pressure up to a critical level, beyond
which excessive impacts cause micro-fracture or morphological instability [14,15,28]. For
Ti-6Al-4V and pure titanium, roughness and peak density (Spd) were found to rise up
to approximately 0.5 MPa before reaching a saturation point, suggesting a limit in the
effectiveness of increasing pressure [14,15]. The particle size of the abrasive also plays a
crucial role. Larger particles generate higher amplitude and slope values (Sa and Sdq),
while smaller particles produce smoother and more uniform textures [3,28]. These effects
were confirmed for Ti alloys, WC-Co coatings, and zirconia ceramics [3,14,28]. Research on
Ni-Cr alloys showed that both parameters influence the efficiency of the process and the
final shape of the asperities, depending on the hardness and morphology of the abrasive
particles [29,30]. From a metrological perspective, the introduction of 3D surface roughness
parameters (ISO 25178 [31]) has greatly improved the quantitative description of sand-
blasted surfaces. Recent works emphasized that parameters such as Sa, Sdq, Sdr, Spc,
and Sal capture the multiscale topographic evolution more effectively than traditional 2D
metrics (Ra, Rz) [14,32,33]. These studies underline the need to combine amplitude (Sa),
slope (5dq), and hybrid parameters (Sdr, Spc) to characterize the complex morphological
features induced by the sandblasting process.

The primary objective of this study is to optimize the sandblasting process by iden-
tifying the ideal operational configurations required to produce surfaces with targeted
roughness properties. This work proposes the development of a predictive model capable
of forecasting surface roughness outcomes based on the combined influence of blasting
media type, particle size distribution, and process parameters such as projection pressure.
By considering a controlled selection of abrasive materials with varying grit size, the model
aims not only to predict roughness parameters but also to expand the range of achiev-
able surface textures, thereby offering a broader set of functional surface states tailored to
specific industrial requirements.

To structure this study, three complementary sub-objectives have been defined. The
first concerns the comprehensive characterization of sandblasted surfaces, focusing on the
analysis of how process parameters influence surface roughness parameters, such as the
arithmetic mean height (Sa), the auto-correlation length (Sal) or the density of peaks (Spd).
Advanced surface measurement techniques and devices are employed (interferometric
profilometer) to capture these parameters with high resolution and reliability. The second
sub-objective addresses repeatability and uncertainty quantification, a critical aspect in
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surface engineering processes where variability in experimental setups and material behav-
ior can significantly impact results. Here, the repeatability of the sandblasting protocol is
evaluated by conducting paired repetitions for each configuration, and deviations are statis-
tically analyzed. To ensure the robustness of the findings, uncertainty estimation methods
(bootstrap resampling [34,35]) are used to compute confidence intervals for the measured
parameters and to assess the magnitude of experimental errors. The third sub-objective in-
volves exploring correlations between surface roughness parameters and process variables.
Given the multi-scale nature of surface topography, identifying statistically significant
relationships between different roughness metrics and sandblasting conditions can pro-
vide insights into the physical mechanisms governing surface texturing. This analysis not
only enhances the understanding of how process settings affect surface texturing but also
contributes to the refinement of predictive models for surface functionalization processes.

For each of those sub-objectives, an analysis of variance (ANOVA) is applied to
evaluate the individual and combined effects of blasting parameters on surface roughness
outcomes, while correlation matrices and regression analyses are employed to examine
relationships among roughness descriptors. This predictive modeling approach represents
a valuable tool for industries where the ability to precisely control or predict the surface
condition of sandblasted components is a key factor in product performance and quality
assurance. By enabling a finer adjustment of sandblasting parameters according to the
desired functional properties of the final product, the methodology developed in this study
contributes to the optimization of surface engineering processes.

2. Materials and Methods
2.1. Samples Preparation

Our work being part of a study related to biomedical applications, Ti-6Al-4V (UNS
standard R56400 [36]) disks of 12 mm in diameter and about 3 mm thickness were used
to perform this study. Disks are cut from a 3 m length rod and then polished successively
using 320, 800 and 1200 grit (Table 1) with a Tegramin-25 (Struers S.A.S., Champigny
sur Marne, France). Each polishing stage was performed under water lubrication with
co-rotation of the platen and specimen holder. The final surface exhibited an arithmetic
mean roughness (Sa) of 0.075 £ 0.007 um. Disks are then randomly sandblasted with
corundum (Figure 1) using a Basic quattro IS Micro-sandblaster (Figure 2), both from
Renfert (Renfert, Hilzingen, Germany), according to three values of pressure (2, 3 and
4 bars) and five grit sizes (25 pm, 50 pm, 90 pm, 125 um and 250 pm). Sandblasting was
applied perpendicularly to the surface at a distance of 5 cm. The abrasive jet was swept
laterally across the surface, requiring approximately five passes to fully treat each specimen
due to their small size. The treatment of a single specimen took only a few seconds. Each
condition was reproduced twice, resulting in a total of 30 specimens for analysis.

Table 1. Polishing parameters applied at each stage of the process. Each polishing step was carried
out in co-rotation of the platen and specimen holder under water lubrication. The procedure resulted
in a surface roughness of 0.075 & 0.007 pum.

Table Speed Holder Speed

Grit Load (N) Duration
(rpm) (rpm)

320 25 300 150 2 min30

800 20 300 150 2 min30

1200 15 200 150 5 min
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Figure 1. Pictures of corundum grains (Al,O3) obtained using an Infinite focus G5 microscope from
Alicona (Alicona Imaging GmbH, Raaba, Austria). The average grit size is (a) 25 um, (b) 50 um,
(c) 90 um, (d) 125 pum and (e) 250 um.

Supplying pressure

Left silo Right silo
Grit from 70 to 250 um Grit from 20 to 70 pm
Nozzle diameter 1.2 mm Nozzle diameter 0.8 mm

Figure 2. Basic quattro IS Micro-sandblaster (Renfert, Hilzingen, Germany) [37].

The sandblaster is made of two 1 L silos, each connected to a dedicated steel nozzle.
The left silo is fitted with a 1.2 mm (0.047 in) diameter nozzle and can contain abrasive
grains sized from 70 to 250 pm, while the right silo is fitted with a 0.8 mm (0.031 in) diameter
nozzle and can contain grains sized from 25 to 70 pm. Each silo is connected to its own
barometer for jet pressure control, with a working pressure range from 1 to 6 bar and a
maximum flow rate of 98 L/min (3.46 cfm). The sandblaster functions in an open circuit,
meaning the abrasive grains are expelled and not reused after projection. The system
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is supplied by a 500 L air compressor operating at 8 bar, which guarantees a stable and
continuous air supply during the entire operation time.

2.2. Three-Dimensional Topographic Data Pre-Processing

The 3D topography of each of the 30 produced samples is measured at 30 different
randomly selected positions, sized 1 mm by 1 mm, resulting in a total of 900 images for
analysis. Measurements are performed using an interferometer (Newview 7300, Zygo,
Middlefield, CT, USA) with a x20 lens to guarantee high resolution images and are then
processed by the software Mountain® 10 (Digital Surf, Besangon, France). Each of these
topographic measurements (topographic maps) are systematically preprocessed then to
correct instrumental artifacts, remove spurious data points, and separate the global form
from the surface texture. The procedure consisted of the following steps:

1.  Initial Map (Figure 3a). The raw topographic map was imported directly from the
measurement instrument (format: OPDx). Heights were expressed in um. Before any
treatment, the map was visually inspected to ensure the absence of acquisition errors
(missing scan lines, saturation artifacts, misalignment or stitching error).

2. Filling Missing Data (Figure 3b). Missing or invalid points (e.g., masked areas, sat-
urated or unmeasured pixels) were filled using spline interpolation. A bicubic (or
tensor) spline was applied to ensure smooth continuity of the first derivatives and to
minimize artificial oscillations. This step provided a complete and continuous height
field, required for subsequent global operations such as form removal.

3. Form Removal (Figure 3c). The global form (slow-varying background) was estimated
and removed by fitting a third-order polynomial surface using least squares:

330
Zrorm (X, y) = ) Y ajx'y/ )
i—0 0

The fitted background zf,, (x,y) was subtracted from the interpolated map to
obtain the detrended surface. The choice of a third-order polynomial allows re-
moval of large-scale curvature without affecting the relevant micro- and meso-scale
roughness features.

4. Outlier Suppression (Figure 3d). Extreme values in the height distribution—typically
caused by dust particles or measurement noise—were eliminated by retaining only
the data points between the 0.01% and 99.99% percentiles of the height histogram.
Formally, if P, denotes the p-th percentile, only heights (z) satisfying:

P01 < z < Pogg99, 2)

were kept. Points outside this interval were marked as missing and handled in the
next step. This strict filtering window efficiently removes rare, non-physical outliers
while preserving the genuine surface variability.

5. Second Filling (Figure 3e). After outlier removal, the newly missing data points
were again filled by spline interpolation, using the same method as before. This
second interpolation ensures smooth continuity and prevents edge effects during the
following form correction.

6. Second Form Removal (Figure 3f). A second polynomial form removal (order 3)
was applied to the corrected surface to eliminate any residual background curvature
introduced during the previous interpolation or filtering steps. This iteration ensures
that the final map contains only the surface texture and roughness components
relevant for analysis.
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(c) Form removal by a third order olynomial surface | (d) Surss

um

(e) Fill by spline interpolation the missing data (f) Form removal by a third order polynomial surface

Figure 3. Sequential illustration of the preprocessing workflow applied to the 3D topography of a
sandblasted Ti-6Al-4V surface (grit size 250 pm at 3 bar pressure). The six maps show the progressive
correction of the raw topography prior to roughness parameter computation. The resulting map
represents the corrected topography, centered on the roughness signal and suitable for quantitative
parameter analysis. (a) Initial map: raw 3D surface as measured, showing the global curvature
and potential acquisition artifacts (missing lines, saturated pixels). (b) Spline interpolation: first
correction step consisting of filling non-measured or invalid points using bicubic spline interpolation
to reconstruct a continuous height field while preserving the local slope continuity. (c) First form
removal: subtraction of a third-order polynomial surface fitted by least squares to remove the long-
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wavelength curvature and isolate the local roughness component. (d) Outlier suppression: removal
of non-physical height values (dust particles, optical spikes) by restricting the height distribution to
the [0.01%, 99.99%] percentile range of the histogram. The extreme points beyond these thresholds
are marked as missing. (e) Second interpolation: spline interpolation applied again to fill the missing
data created during outlier removal, ensuring smooth continuity of the surface and preventing
boundary effects in the final detrending. (f) Second form removal: a final third-order polynomial fit
and subtraction to eliminate any residual background curvature introduced during previous steps.

Repeating the interpolation and form-removal sequence (fill — detrend — filter —
fill = detrend) reduces interpolation bias and enhances the separation between long-
wavelength form and the texture of interest. A third-order polynomial provides a suitable
compromise: lower orders (e.g., 1) leave residual curvature, whereas higher orders may
suppress meaningful roughness components. The selected order can be adapted to the
specimen geometry and measurement scale. Percentile filtering between 0.01% and 99.99%
effectively eliminates isolated outliers; for datasets containing a greater proportion of
spurious values, wider thresholds (e.g., 0.1-99.9%) or robust statistical filters based on
interquartile range may be more appropriate. Spline interpolation ensures slope continuity
more effectively than bilinear interpolation, although it may slightly smooth micro-textures.

To verify the validity of the process, surfaces must be visually inspected before and
after each step, and key roughness parameters (Sa, Sq, Sdr, fractal dimension, Smr2, Vvc)
compared to confirm that their physical meaning is preserved. Complementary, Power
Spectral Density (PSD) analysis must also be conducted to ensure that no relevant frequency
bands are lost during detrending or interpolation.

2.3. Analysis Parameters

The Sa representative surfaces obtained for each grit size, at an identical pressure
of 3 bars, are presented in Figure 4. The representative surface here is the surface
which presents a Sa value closest to the median of the Sa values calculated over all the
60 measurements made. The representative surfaces for the other studied cases are relied
in Appendix A.

Eight normalized parameters, according to the standard ISO 25178 [35], have been
selected in order to cover different topographical aspects of the studied surfaces and are
listed as follow:

Sa—arithmetic mean height, which gives a global view of the average roughness;
Sal—auto-correlation length, which indicates characteristic length of patterns;
Str—texture aspect ratio, which measures the isotropy, or the anisotropy, of the surface;

Sdg—root mean square gradient, which indicates the average value of the surface

variations;

e  Sdr—developed interfacial area ratio, which quantifies the real surface area according
to a flat plane;

e  Spd—density of peaks, which represents the number of peaks by surface unit;

e  Spc—arithmetic mean peak curvature, which characterizes the shape of asperities;

e  Sfd—fractal dimension, which measures the surface complexity at different scales.

All those parameters reflect the main topographical characteristics influenced by the

sandblasting process, especially for global and local roughness, isotropic patterns, shape of
summits and multi-scale complexity such as fractal variations.
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pm 50 pm / 3 bars Hm
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2 4
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Figure 4. Representative surfaces obtained for a grit size of (a) 25 um, (b) 50 um, (c) 90 um, (d) 125 um
and (e) 250 um, at a pressure of 3 bars. It is clearly observable that the grit size has a direct impact,
both on the depth of penetration and on the width of the created patterns.

3. Results and Modeling

The analysis of all the selected parameters is resumed in Table 2. For each sandblasting
condition, the eight parameters are estimated by calculating their respective mean and
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standard error on the N retained measurements. The evolution of the Sa parameter is
represented in Figure 5. The evolution of the other parameters is relied in the Appendix B.

Table 2. Respective mean and standard error (SE) of the eight selected topographical parameters
according to the pressure, P, and the grit size media, D, computed on the N retained measurements
from a total of 60.

Sa Sal Sdr Spd Spc
o N (um) (um) Str Sdq %) (10-¥/pum?) (/pm) Std
s ar Mean + SE
2 52 0.53 +0.01 3.07 +£0.13 0.97 +0.01 1.214+0.01 43.64 £ 0.30 53.98 £ 0.38 4.26 +0.08 2.886 4 0.002
25 3 60 0.59 +0.01 4.08 +£0.12 0.98 + 0.01 1.254+0.01 4521 +0.27 45.85 + 0.35 4.36 +0.08 2.878 4+ 0.002
4 53 0.64 +£0.01 4.58 +£0.13 0.95+0.01 1.33+0.01 48.90 +0.29 40.33 £0.37 4.72 +0.08 2.866 £+ 0.002
2 60 1.03 +£0.01 6.68 £0.12 0.90 £0.01 1.74+0.01 69.16 +£0.27 27.24 +£0.35 6.58 +0.08 2.816 £+ 0.002
50 3 60 1.15+0.01 8.16 =0.12 0.80 +0.01 1.82+0.01 73.09 +0.27 24.30 £0.35 7.18 = 0.08 2.800 £ 0.002
4 60 1.21 +£0.01 10.20 +0.12 0.85+0.01 1.77 +0.01 70.42 +0.27 24.81 +£0.35 6.95 + 0.08 2.798 £+ 0.002
2 60 1.28 +0.01 9.81 +0.12 0.84 +0.01 1.85+0.01 74.78 +0.27 25.29 +0.35 7.33 +0.08 2.798 4+ 0.002
90 3 59 1.49 +0.01 11.57 £ 0.12 0.88 + 0.01 1.96 +0.01 79.21 +0.28 21.08 +£0.35 8.19 +0.08 2.770 4+ 0.002
4 60 1.60 4+ 0.01 13.02 +£0.12 0.90 £0.01 1.99 +0.01 80.07 £0.27 19.19 £ 0.35 8.46 +0.08 2.758 4+ 0.002
2 60 1.90 +0.01 11.94 +0.12 0.92 +0.01 2.34 +0.01 89.68 £0.27 15.42 +0.35 9.61 +0.08 2.738 £+ 0.002
125 3 60 219+ 0.01 14.44 +0.12 0.92 +0.01 2.33 +0.01 93.08 £ 0.27 13.40 +0.35 10.42 +0.08 2.713 4+ 0.002
4 60 2.44 +0.01 15.43 +0.12 0.92 +0.01 2.39+0.01 94.28 +0.27 10.86 +0.35 11.32 +0.08 2.685 4+ 0.002
2 60 3.17 £0.01 18.89 £0.12 0.92 £0.01 2.63 £0.01 98.67 +£0.27 6.51 +£0.35 14.66 + 0.08 2.620 £+ 0.002
250 3 60 3.65 £ 0.01 21.254+0.12 0.92 £0.01 2.79+£0.01 106.32 £ 0.27 5.73£0.35 16.09 +0.08 2.605 £ 0.002
4 60 4.22 +0.01 24.63 +£0.12 0.90 +0.01 3.14 +0.01 125.87 £ 0.27 6.28 +0.35 18.30 +0.08 2.606 £ 0.002
Media: 25 Media: 50 Media: 90 Media: 125 Media: 250
5.0
45
4.0
3.5
g 3.0
5 25
£ 20
? 45 | g
1.0 L =]
0.5 -g—&—8"]
0.0
] 5.0
0 4.5
4.0
35
N 30
3 25
Q.
£ 2.0 /E/M/
©
» 15 o]
10 |- ]
0.5 pb8—8—8]
0.0
2 3 4 2 3 4 2 3 4 2 3 4 2 3 4

Pressure

Figure 5. Evolution of the Sa (um) according to the pressure (bar) and the grit size (um), for each
sample. Each series of three points is linearly fitted. The box plots show the statistical parameters, re-
spectively, the 1st and 9th decile and the 1st, 2nd and 3rd quartile, obtained from 60 measured images.

In order to build an interpretative model of the evolution of these parameters with
the sandblasting parameters, the influence of the grit size, D, and the pressure, P, need to
be discussed:

1. The abrasive particles size used in sandblasting processes have a specific role on the
making of roughness: the greater the size, the more important the irregularities on
the surface. Bigger particles are heavier, and so have more inertia and more energy
allowing them to penetrate deeper into the surface. This leads to deeper crater and
more highlighted irregularities. Furthermore, due to their size, the surface distribution
of the impacts can become more heterogeneous, which can lead to rougher surfaces
with various structures.
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2. Insandblasting processes, pressure gives their kinetic energy to the particles. Higher
pressure leads to higher velocity of the particles, which leads to higher impacts. High
energy impacts lead to bigger deformations and so increase the roughness. This also
leads to let particles to penetrate deeper into the surface with the same consequences
than with the grit size. A higher pressure can also lead to a higher impact rate by
surface unit, increasing proportionally the roughness.

From those considerations, a linear model describing the evolution of the Sa with the
sandblasting parameters is build and is mathematically expressed by (3), where a, b, c and
d are coefficients to be determined:

Sa=a+bD+cP+dD.P 3)

The terms b.D and c.P show, respectively, the direct impact of the grit size and the
pressure on roughness: they both indicate a linear and independent increasing. The term
d.D.P couples grit size and pressure, indicating the effect amplification from a parameter
on the other one. Finally, the term a seems to be the initial roughness of the surface before
any sandblasting. This term can thus be interpreted as a baseline for evaluating the effect
of the other variables.

4. Evaluation of the Regression Coefficients and Their Uncertainties

The values of the coefficients a, b, c and d are determined using a least square regres-
sion based on the model defined by (3), and are resumed in Table 3. The results indicate an
excellent model fit, with a coefficient of determination R? = 0.9927, meaning that 99.27% of
the variance in Sa is explained by the model.

Table 3. Computation of the regression coefficients a, b, c and d using the least square regression
model defined by (3). The value of each parameter is accompanied by their respective standard error
(SE), p-value with a level of confidence of 95% and significance appreciation.

Value SE p-Value Significance
a 0.383 0.029 <10~* High
b 0.0070 0.0002 <1074 High
c —0.011 0.009 0.23 Null
d 0.0021 7 x107° <1074 High

Table 3 highlights that the value of the coefficient c is not significant. To confirm this
result, a residuals bootstrap analysis is performed on this coefficient—a description of the
bootstrap methods is presented in Appendix C. The histogram of the generated c bootstrap
values is represented in Figure 6. The p-value, p., deduced by the bootstrap analysis is
0.435, confirming that the coefficient c is not significant and can be removed from the model
equation. This result leads to conclude that pressure alone, when the grit size tends to zero,
does not have a direct influence on the average roughness. Inversely, the coefficient b being
significant leads to conclude that the grit size alone, when pressure tends to zero, does still
have a direct influence on the average roughness. This result also reinforces the importance
of the coupling between pressure and grit size on the sandblasting process.

Note that a complementary study, presented in Appendix D, has been performed
by applying the same regression model with the same bootstrap analysis method on the
86 roughness parameters from the standard ISO 25178 [35] and leads to conclude that the
coefficient c remains consistently insignificant.
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Figure 6. Bootstrap analysis of the p-values confirming that the regression coefficient c is

not significant.

Removing the coefficient c from (3) leads to (4), simplifying the analysis and enhancing
its clarity and predictive accuracy. Focusing on the significant coefficients a, b, and d
eliminates unnecessary complexity and reduces the risk of overfitting. This approach
allows a clearer interpretation of the relationship between process parameters and surface
roughness, providing a more accurate depiction of the sandblasting mechanism. The next
step involves recalculating the coefficients a, b, and d for this new model to finalize the
quantitative understanding of how particle diameter and its interaction with pressure
influence surface characteristics

Sa=a+bD+dD.P @)

The results of the estimation of the coefficients a, b and d for each of the eight roughness
parameters are resumed in Table 4.

Table 4. Computation of the regression coefficients a, b and d using the least square regression model
defined by (4), for each of the eight roughness parameters. The value of each regression coefficient
is accompanied by their 95% confidence interval (CI) obtained by bootstrap, and each roughness
parameter is accompanied by their respective coefficient of determination R?, showing that removing
the c parameter simplifies the model while maintaining its efficiency and statistical relevance.

a b (x10-3) d (x10-3) R?
Mean [95% CI]

Sa 0.38 [0.32 0.44] 5.40 [5.38 5.42] 2.10[1.99 2.27] 0.992 [0.991 0.994]
Sal 3.89 [2.78 4.94] 33 [11 56] 13 [6 20] 0.967 [0.944 0.987]
Str - - - -

Sdq 1.33[1.18 1.47] 3.80[0.60 6.70] 0.90 [-0.10 1.90] 0.927 [0.875 0.970]
Sdr 52.08 [43.94 59.41] 0.12[—0.04 0.27] 45.10 [6.50 94.80] 0.876 [0.778 0.952]
Spd 0.039[0.0330.046] —0.10[—0.200.01]  0.01 [—0.05 0.03] 0.767 [0.557 0.921]
Spc 3.70 [3.17 4.27] 30.30 [15.10 45.00] 6.90 [2.30 11.90] 0.985 [0.972 0.994]
Sfd 2.87[2.852.89] —09[-12-05]  —0.08[-0.200.02] 0.952[0.908 0.979]

The use of bootstrap for calculating the confidence intervals highlights that all the
coefficients are highly significant, and removing the c parameter simplifies the model while
maintaining its statistical and physical relevance, allowing us to focus on the most impactful
effects. The confidence intervals of the determination coefficients R? further validate the
statistical robustness of the model, confirming the dominant influence of particle diameter
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4.5

and its interaction with pressure on roughness. However, that regression model seems less
relevant regarding to the Spd. This parameter therefore requires special attention. The
graphical comparison between measured and computed values for each parameter (except
Spd), presented in Figure 7, supports this conclusion.
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Figure 7. Graphical comparison between measured and computed values for each roughness param-
eter, supporting the regression model relevance and efficiency. (a) Sa, (b) Sal, (c) Sdq, (d) Sdr, (e) Spc,
and (f) Sfd.
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For the Spd parameter, which represents the number of peaks per unit area, it is more
appropriate to adopt a nonlinear model formulated as follows:

Spd = (a+b.D +d.D.P)? (5)

This formulation better captures the physical nature of this parameter. A comparison
between the linear and nonlinear models for Spd shows that the nonlinear model achieves
a higher coefficient of determination (R? = 0.90, CI = [0.81, 0.96]) compared to the linear
model (R2 =0.77, CI =[0.70, 0.84]), as it can be seen on Figure 8. This demonstrates that
the nonlinear model is better suited to describe the variation in Spd as a function of the
blasting conditions. The graphical comparison between measured and computed values
for both regression model, (4) and (5) is presented, respectively, in Figures 9a and 9b.

Model

B Linear /
[ Quadratic /

Figure 8. Statistical distributions of the coefficient of determination from the bootstrap analysis
from each regression model used to fit the Spd parameter. The comparison between the linear and
nonlinear models shows that the nonlinear model achieves a higher coefficient of determination
compared to the linear model.

Spd (1/pm? Spd (1/pym?
0.040 pd (1/pm?) 0.05 pd (1/pm?)
Sample
0.035 & w1 ?/m o
0030 0.04 &2 o J //
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(a) (b)

Figure 9. Graphical comparison between measured and computed values for (a) linear and
(b) quadratic regression models. The nonlinear model (quadratic) achieves a better fit compared to
the linear model.
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5. Physics Origin of the Sa Model
5.1. Modeling

To justify the model expressing Sa as a function of the abrasive particle size distribution
D and the pressure P, it is necessary to describe the physical mechanism by which a
grain impact modifies the surface. For this purpose, the kinetic energy E of a grain with
diameter D and material density p, accelerated by the sandblasting pressure P, is therefore
considered (6).

E = pnD3P/6 (6)

In case of plastic indentation, the applied force F is proportional to the contact area %
and the material hardness H. Considering that corundum grains exhibit sharp geometries;
their impact can be approximated as a conical indentation, which implies that the force is
proportional to the square of the penetration depth u (7). The corresponding indentation
energy can therefore be expressed by (8).

F=HX — F « Hu? 7)

u h
E = / Fdur ~ / Hur*dur = Hu? (8)
0 0

Assuming that kinetic energy is fully converted into strain energy, the penetration
depth u can be expressed as a function of the grain size D and the pressure P:

u = (E/H)'? « DP/3 9)

This relation indicates that the average deformation height—corresponding to the
Sa—increases with both particle diameter and applied pressure, in agreement with physical
intuition. Consequently, the following relation can be established:

Sa = kDP3 (10)

where k is a proportionality constant encompassing material properties (hardness, elas-
ticity) and experimental factors such as particles shape. Physically, this means that larger
particles and higher pressures produce deeper indentations, leading to greater mean
surface roughness.

Examination of the experimental results indicates that, for a given grit size, the effect
of pressure on surface roughness is relatively weak. Thus, by performing a first-order
linearization of (9) around arbitrary reference values Dy and P within the experimental
range, it yields:

Sa = kgpg”D + k%PO’Z/?’DP (11)

or equivalently:

Sa=a+bD+d.D.P (12)

where a = 0, b = (2/3)kPy!/3, and d = (1/3)kP;~2/3. Note that a similar conclusion is
obtained when assuming a spherical indentation model, although the numerical values of
the coefficients differ.

The coefficient b multiplies D and reflects the linear effect of particle diameter on Sa,
and the coefficient d multiplies the coupled term DD, representing the combined effect of
particle diameter and pressure. No term linear in P alone appears; the only P dependent
term is the coupled DP term. The coefficient a is theoretically zero, yet experimentally it
takes a nonzero value. Because the present model assumes a complete conversion of kinetic
energy into plastic deformation, this observed offset can be attributed to the existence of a
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pressure threshold needed to overcome the surface’s elastic response, thereby shifting the
measured roughness values.

This linear-bilinear formulation is physically consistent with the principles of particles
kinetic energy and material plasticity and remains valid within the studied experimental
range, reproducing more than 95% of the observed variation in Sa. At higher pressures or
much larger particles, additional nonlinear effects may become significant.

5.2. Validation Protocol

To validate the simplification of the mean surface roughness Sa as a bilinear function of
sandblasting parameters D (particle diameter) and P (pressure), derived from the physical
assumption in (9), the following protocol is applied:

1.  Simulation of Surface Roughness Data: Define a proportionality constant (k = 0.01).
Simulate Sa for all combinations of particle diameters (D = 25, 50, 90, 125, 250) and
pressures (P = 2, 3, 4). Compute Sa using (9).

2. Bilinear Regression: Fit a bilinear model to the simulated data using Equation (12)
(Figure 10). Estimate the coefficients a, b and d using nonlinear regression software
(Table 5). Here, a represents a possible measurement offset due to the elastic barrier
that must be overcome before a plastic action can be exerted on the surface. b captures
the effect of particle size, and d accounts for the coupled influence of particle size
and pressure.

3. Validation of the Approximation: Compare predicted values from the bilinear model
with the simulated ones (Figure 11). The relative errors between the predicted and sim-
ulated Sa values were very small, ranging from approximately (—0.0049) to (0.0086),
with a mean close to zero (0.0064) and a standard deviation of 0.0086. This con-
firms that the bilinear model accurately reproduces the physically based simulated
roughness across the experimental ranges of particle size and pressure.

4.  Interpretation: A small error confirms that the bilinear model sufficiently captures the
dependency of Sa on D and P within the experimental range.

Table 5. Fitted parameters of the bilinear model. The results indicate that the intercept a is statistically
negligible, while coefficients b and d are highly significant, confirming that surface roughness
scales predominantly with particle size D and with the combined term DP, as predicted by the

physical model.
Value SD 95% CI
140 x 10°° 5.70 x 1073 [-12.5 x 107312.5 x 1073]
9.39 x 1073 1.02 x 1074 [9.16 x 1073 9.61 x 1073]
1.64 x 1073 3.10 x 105 [1.57 x 1073 1.70 x 1073]
4.5
4.0 —-©-D: 25
3.0 -4-D: 125
=25 -8-D: 250
3
=20
P15 L
1.00 —
O —

0.0

Pressure (Bar)

Figure 10. Linear-fitted evolution of the mean surface roughness (Sa) as a function of blasting pressure
P for different particle diameters D.
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Figure 11. Comparison between simulated (physical model) and predicted (bilinear model) val-
ues of mean surface roughness (physical model). The data points closely follow the identity line
(slope = 0.9999, intercept = 0.0002) confirming the strong agreement between the physical model and
its bilinear approximation.

6. Conclusions and Perspectives

This work deals with a comprehensive methodology to characterize the roughness
of sandblasted surfaces by combining precise 3D measurements with robust statistical
approaches. Through the evaluation of eight standardized parameters and the systematic
application of the ANOVA method, regression modeling, and bootstrap-based uncertainty
estimation, it was possible to identify the descriptors most sensitive to blasting conditions
and to establish predictive laws linking grit size, pressure, and surface texture. The intro-
duction of a nonlinear model for the density of peaks (Spd) further underlines the capacity
of the approach to adapt to the intrinsic complexity of certain roughness parameters.

The results obtained highlight the predominant role of abrasive particle size and its
interaction with pressure, providing a quantitative basis for understanding the physical
mechanisms that govern surface texturing. The methodology also demonstrates that a
simplified—but statistically validated—modeling can retain predictive accuracy while
remaining interpretable.

From an application perspective, this work opens the way to controlled preparation of
surfaces adapted to specific functional objectives such as adhesion, wettability, or fatigue
resistance. By offering predictive tools directly connected to process parameters, the
methodology paves the way for optimized industrial sandblasting protocols, enabling
both reproducibility and customization of surface states. Future perspectives include
extending the approach to other classes of materials, integrating additional descriptors
such as chemical or crystallographic surface modifications, and coupling the present models
with numerical simulations of particle-surface interactions. Such developments would
further enhance the capacity to design surfaces with tailored functionalities, and therefore
represent an attractive opportunity for industrial partners seeking efficient and reliable
surface engineering strategies.

From an industrial transfer perspective, the proposed approach offers a practical
and reliable pathway to controlled surface preparation. By directly linking sandblasting



Machines 2025, 13, 1122

17 of 26

pm

150

100

50

pm

150

100

50

parameters to targeted surface properties, it enables reproducible protocols tailored to
adhesion, wettability, or fatigue performance requirements. This predictive capability
opens perspectives to optimize blasting processes, reduce variability, and accelerate the
development of functionalized surfaces adapted to specific application domains.
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Figure Al. Representative surfaces obtained for a grit size of (a) 25 um, (b) 50 pum, (c) 90 pm,
(d) 125 pm and (e) 250 um, at a pressure of 2 bars.
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Figure A2. Cont.
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Figure A2. Representative s. faces obtained for a grit size of (a) 25 um, (b) 50 um, (c) 90 pum,
(d) 125 pm and (e) 250 um, at a pressure of 4 bars.

Appendix B
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Figure A3. Evolution of the Sal (um) according to the pressure (bar) and the grit size (um). The box
plots show the statistical parameters, respectively, the 1st and 9th decile and the 1st, 2nd and 3rd
quartile, obtained from 60 measured images.
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Figure A4. Evolution of the Str (no unit) according to the pressure (bar) and the grit size (um). The
box plots show the statistical parameters, respectively, the 1st and 9th decile and the 1st, 2nd and 3rd

quartile, obtained from 60 measured images.
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Figure A5. Evolution of the Sdq (no unit) according to the pressure (bar) and the grit size (um). The
box plots show the statistical parameters, respectively, the 1st and 9th decile and the 1st, 2nd and 3rd
quartile, obtained from 60 measured images.
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Figure A6. Evolution of the Sdr (%) according to the pressure (bar) and the grit size (um). The box
plots show the statistical parameters, respectively, the 1st and 9th decile and the 1st, 2nd and 3rd

quartile, obtained from 60 measured images.
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Figure A7. Evolution of the Spd (1/ pm?) according to the pressure (bar) and the grit size (um). The
box plots show the statistical parameters, respectively, the 1st and 9th decile and the 1st, 2nd and 3rd

quartile, obtained from 60 measured images.
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Figure A8. Evolution of the Spc (1/pum) according to the pressure (bar) and the grit size (um). The
box plots show the statistical parameters, respectively, the 1st and 9th decile and the 1st, 2nd and 3rd
quartile, obtained from 60 measured images.
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Figure A9. Evolution of the Sfd (no unit) according to the pressure (bar) and the grit size (um). The
box plots show the statistical parameters, respectively, the 1st and 9th decile and the 1st, 2nd and 3rd
quartile, obtained from 60 measured images.
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Appendix C
Appendix C.1 Paired Data Bootstrap Method

Here is how the paired bootstrap is implemented in a general practice:

Original Dataset—Start with the original dataset consisting of N pairs of data points
(X1 Y1), (X2 Y2), - -, (XN YN) where X; is a variable and Y; its corresponding image;

Generating Bootstrap Samples—Randomly samples N pairs from the original dataset
with replacement. This means that some pairs may be selected multiple times while
others may not be selected at all. Each resampled set of N pairs constitutes a single
bootstrap sample;

Fitting the Model—For each bootstrap sample, the fitting model is applied, yielding to
a new set of parameters;

Repeating the Process—Repeat the resampling and fitting process a large number of
times (typically thousands of iterations), each iteration providing a new estimate of the
model parameters.

Analyzing the Results—After completing all iterations, the distribution of the parame-
ter estimates obtained from all the bootstrap samples are analyzed. The spread of these
distributions gives us confidence intervals for each parameter, indicating the uncertainty
associated with our estimates.

Appendix C.2 Residuals Bootstrap Method

Residuals bootstrap is also a resampling technique estimating the uncertainty of model
parameters, but it assumes that the error terms in the model are identically distributed and
independent. Here is how the residuals bootstrap is implemented in a general practice:

Original Dataset—Fit the N data points with a chosen model and retain the fitted
values y; and the associated residuals ¢; = Y; — yi;

Generating Bootstrap Samples—For each N pair of data points (X; Y;), add a randomly
resampled residual ¢; to the fitted value y;. In other words, create synthetic response
variables Y;i* = y;j + ¢; where ¢ is selected randomly from the list of the ¢;;

Fitting the Model—Refit the model using the fictitious response variables Y;*, and
retain the quantities of interest;

Repeating the Process—Repeat the resampling and fitting process a large number of
times, with each iteration providing a new estimate of the model parameters.

Analyzing the Results—After completing all iterations, the distribution of the pa-
rameter estimates obtained is analyzed, allowing us to obtain confidence intervals for
each parameter.

Appendix D

Table A1l. Computation of the coefficient ¢ using the regression model defined by (1) and with the
same bootstrap analysis method on the 86 roughness parameters from the standard ISO 25178. The
computed values are the mean value, the minimum and maximum values and the 95% confidence
interval. These results lead to conclude that the coefficient ¢ remains consistently insignificant.

1},‘;‘5};‘:: viean  Min. Max. 95% CI lf,g:agi‘l‘::: viean  Min. Max. 95% CI
5102 0284  —218  299%  —1072  1.649 Shaq 2306  —8121 7677 3310 3580
S5p 0251  —2052 2516 0764 1362 Shar 0025 —009 0060  —0.058 0017
S5v 0036  —1294 1395  —0586 0748 Sharq Z0015  —0091 0084  —0.049 0029

Sa 0008 0238 0275 0136 0131 Sharx 0724  —4424 8519  —1854 4115
Sakl 0009  —0035 0058  —0015 0035 Shax 7867 919 8476 5076 369
Sak2 0006  —0029 0041  —0012 0023 Shed 0463  —0793 1449  —0125  0.99%
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I},‘;‘:agi‘;f:: \“/f,‘ii‘; Min. Max. 95% CI lf,zﬁaglﬂgf:f \l\/ﬁr; Min. Max. 95% CI
Sal 0.879 ~1.639 3063  —0402 2114 Shedq 0.339 ~1.108 1460  —0212  0.837
Sda 5.257 2077 2775  —6740 1458 Shedx 1.684 —5.186 8175  —1694  5.053
Sdaq 8571 —72.08 8685  —19.09 3478 Shff —0.006  —0.022 0009  —0013  0.002
Sdarq —0.006  —0.095 0109  —0.057  0.056 Shffq 0.0002  —0.003 0003  —0.001  0.002
Sdarx —0425  —7.258 6743  —3804  3.164 Shffx 0025  —0.166 0099  —0.089  0.031
Sdax 65.36 —675.9 837.9  —2849 4423 Shh 0.034 —0.208 0302  —0.081  0.150
Sdc ~0.007  —0.708 0824  —0397 0430 Shhq 0.016 ~0.090 0130  —0.039  0.075
Sdd 0.045 —0.222 0297  —0.089  0.179 Shhx 0310 —1.787 1.807  —0480  1.058
Sddq 0.027 ~0.105 0158  —0.044  0.098 Shn —4817 18590 97647  —12427 2743
Sddx 0.255 ~1.503 1982  —0631 1170 Shrn 0.001 ~0.003 0005  —0.001  0.003
Sded 0.321 —0.744 1198  —0.189  0.756 Shrnx —0002  —0.025 0022  —0014 0011
Sdedq 0.301 —0.925 1406  —0212 0724 Shv 0.597 ~15.83 1234 —4797 5753
Sdedx 2.045 ~4253 8685  —1196 5191 Shvq 2490  —6843 6246  —29.06 2440
Sdff —0.005  —0.019 0010  —0.012  0.002 Shvx ~1069  —2330 2363 —9257 7234
Sdffq 0.0004  —0.002 0003  —0.001  0.002 Sk 0103 —1.022 0894  —0625  0.404
Sdffx 0032  —0.159 0078  —0.091  0.035 Sku 0.574 ~1.991 5066  —0353 2260
Sdn 4267  —19567 10444  —12479 3380 Smc 0.002 ~0.328 0414  —0187 0210
Sdq —0012  —0319 0316  —0187  0.164 Smr —0.144  —0.876 0448  —0451  0.170
Sdr 1317  —18.64 1534  —1069  7.984 Smrk1 0.152 ~1.169 1483  —0450  0.762
Sdrn 00002  —0007 0005  —0.003  0.003 Smrk2 0025  —1.09 0733  —0460  0.368
Sdrnq —0.001  —0.003 0002  —0.002  0.001 Sp 0.258 ~1.86 2869  —0.762 1414
Sdrnx —0.006  —0.032 0022  —0017  0.006 Spc —0.070  —1.279 1251  —0715 0565
Sds —0.006  —0.026 0016  —0.018  0.006 Spd —0.005  —0.020 0009  —0013  0.003
Sdv 1215 —8.859 9.604  —3.026 4574 Spk 0.035 —0.442 0539  —0201  0.269
Sdvq 5.709 —66.43 5787  —2055  27.18 Spkx 0.308 —~1.732 2826  —0.767 1552
Sdvx 160.9 —2060 272 —800.1 1004 Sq 0.002 ~0.263 0335  —0148 0171
Sfd 0015  —0.058 0024  —0.039  0.007 Ssc 0052  —0.661 0653  —0398  0.294
Sha 6.625 —31.67 4009  —9.138  19.74 Ssk 0.078 0234 0448  —0055 0228
I;Z‘;fﬁgf: \hgelzre‘ Min. Max. 95% CI
Ssw —3623  —16.92 13.04  —1065 4184
St 0.282 2638 3032  —1067 1663
Std 1.244 ~18.59 2142 —7.598  10.82
Str —0.002  —0.106 0137  —0.054  0.050
Sv 0.035 ~1.180 1579  —0591 0745
Sve —~0.009  —1.855 1815  —0912 0899
Svd —0.004  —0.020 0011  —0012  0.004
Svk 0.031 —0.424 0525  —0.184  0.260
Svkx 0.086 ~0.989 1245  —0416  0.600
Sz 0.287 —2.650 3087  —1.055  1.652
Vm 0.002 —0.02 0023  —0010 0013
Vme 0016  —0.299 0299  —0171  0.148
Vmp 0.002 —0.022 0026  —0.010  0.013
Vv 0.004 —0.349 0389  —0187 0218
Ve 0.0003  —0.330 0399  —0171 0192
Vvv 0.002 —0.040 0046  —0.020  0.026
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