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Abstract

Fiber-reinforced polymers such as basalt fiber-reinforced polymers (BFRP) can be used in
structural parts, which often require assembly operations. Thus, the surface quality after
drilling operations is especially important. BFRP laminates have been drilled with three
different tools, and their profile roughness and surface roughness have been evaluated by
analyzing the following variables: average roughness (Ra), maximum height of profile
(Rz), arithmetic mean height (Sa) and maximum height (Sz), by means of an optical sys-
tem. The optical measurement of surface roughness has been hampered by fiber breakage.
A statistical analysis has allowed for developing a general linear model that predicts the
values of variables. The fitted model for Ra and Rz has a variation coefficient of 97.00%
and 95.58% respectively, while that 91.74% and 68.02% for Sa at the inlet hole and outlet
hole respectively; and 86.08% and 82.22% for Sz at the inlet hole and outlet hole respec-
tively. Additionally, different machine learning regression algorithms have been applied
using different configurations to establish prediction models of the main rugosity param-
eters. In this way, linear methods, Gaussian regression methods, Support Vector Ma-
chines, and fine trees have been applied using the rotation speed, feed rates, and tool as
features. Also, a neural network has been optimized and applied for the same goal. The
methods yielded satisfactory prediction results within the tested experimental domain for
some roughness parameters. Although the behavior of all variables is similar across all
drill bit types, drill bits with a point angle of 120° provided better results.

Keywords: drilling; basalt-fiber; composite; profile roughness; surface roughness

1. Introduction

Fiber-reinforced polymers have long been widely used in the field of manufacturing
engineering, often in structural components. The study of fiber-reinforced polymers of
mineral origin receives even more attention due to their potential use in industry [1]. In
this context, the machining of basalt fiber reinforced polymers (BFRP) is an option to as-
sess that, in recent years, is receiving particular attention [2]. BERP has mechanical prop-
erties in a similar range to other, more traditional reinforced composites [3]. Basalt fibers
also have been studied as part of composites formed with different fibers such as carbon,
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Kevlar and Innegra to determine their mechanical properties and to determine some po-
tential applications [4] or as part of laminates of different carbon fiber reinforced polymers
(CFRP) and BFRP configurations, observing their influence on thrust force, thermal load,
and hole quality [5].

In general, typical problems in the machining of fiber-reinforced polymers are related
to delamination, fiber breakage, fiber deformation, or matrix plastering [6], and more spe-
cifically, in the drilled parts for assembly, a high percentage of the rejected parts is due to
poor surface quality [7]. In this context, cutting conditions and drills have been identified
in different composites that give acceptable results. The feed rate has been identified as a
dominant factor influencing the drilled composite damage and drilling with helical flutes
as a recommended tool in carbon fiber reinforced polymer laminates [8]; in the same com-
posite, the effect of temperature during drilling is observed [9]. Factors such as spindle
rotation speed and feed rate of tools and drill bits affect the surface quality obtained on
the walls of drilled holes of polyether-ether-ketone reinforced with glass fibers [10]. As
can be seen, despite the efforts made, and due to the different objectives of the investiga-
tions, there is no unanimity in the results concerning the quality of the machined surface,
even in materials with very similar mechanical characteristics. Therefore, specific studies
are necessary.

Regarding BFRP, Navarro-Mas et al. [11] found three types of delamination after an
edge trimming, with the most usual being the fiber protrusion that can be higher than the
depth of cut. In this same process, that type of delamination is corroborated when unidi-
mensional parameters are used [12]. Already in the drilling processes, BFRP composites
are analyzed. Although Magyar and Geier [13] found similar behavior in CFRP and BFRP
with respect to thrust forces, this composite presents greater difficulties than CFRP, at
least regarding geometrical damages and surface roughness [14]. However, the type of
drill bit is decisive in the final results, in particular in the outlet diameters [15] and also in
the delamination factor [16,17]. To achieve the objectives, the methods used have focused
exclusively on experimentality, on the statistical treatment of experimental data [13-15],
and more recently on the use of machine learning (ML) algorithms [17].

As is appreciated, the surface quality is an aspect analyzed recurrently; this can be
considered as normal because fiber-reinforced polymers suffer from several problems af-
ter machining, such as delamination. These problems affect the surface quality. Moreover,
in operations such as drilling, the roughness is a determining variable because low values
can allow performing operations such as riveting to be carried out during the assembly of
parts without additional finishing operations, and also high roughness can increase stress
and wear on the part.

In consequence, the main objective of this work is to identify a type of drill that, under
certain cutting conditions, achieves an adequate surface quality according to values from
profile roughness and surface roughness using statistical and ML methods applied to ex-
perimental data. The roughness of both the profile and the surface is determined; the for-
mer as a classic measure of surface quality that allows for identifying the quality along
the hole’s generatrix, and the latter considering the surface topography. This is important
when evaluating drilling quality because this operation can cause identifiable defects, and
even more so in composites like BFRP, as it facilitates the identification of damage such as
fiber breakage, delamination, and others. The study of surface roughness in BFRP is en-
tirely novel, as are the profile roughness of the drill bits, the cutting conditions, statistical
methods, and ML analyses.
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2. Materials and Methods

This section is structured into the subsections Experimental Setup and Data Pro-
cessing. The first explains the equipment and methods used in the laboratory, and the
second focuses on conventional statistical methods and ML methods.

2.1. Experimental Setup

BEFRP plates of 3.1 mm thickness were drilled under different cutting conditions, in
particular with spindle rotation speeds (N) between 1000 and 5000 rpm, and feed rates (f)
between 0.05 and 0.15 mm/rev. The tests were performed in a Manga Tongtai TMV-510
CNC machining center (Tong-tai Machine & Tool Co., Ltd., Kaohsiung Hsien, Taiwan),
obtaining 27 holes.

The polymer used was epoxy that was reinforced with 20 layers of bidirectional wo-
ven fabric, oriented at 0-90°, by means of a lay-up process; the final laminate had a fiber
percentage of 53% and, according to ISO 527-4 [18], an average elastic modulus of 20 GPa
and an average tensile strength of 253 MPa.

Three types of drill bits, with a diameter of 6 mm, were used in the tests. The material
of all of them was solid carbide, and the coating was polycrystalline diamond. In Figure 1
and in Table 1, the type of bit (Dt) and the main characteristics can be seen.

Figure 1. Type of drill bits: (a) Dt1; (b) Dt2; (c) Dt3.

Table 1. Main characteristics of drill bits.

Drill Bit Type Dt1 Dt2 Dt3
Material Solid carbide Solid carbide Solid carbide
Polycrystalline diamond sinter-

Coating type Polycrystalline diamond (point angle) i?;i;ri’;zﬂf;engi; ing (point ang.le and surface
cutting)

Cutting-edge length [mm] 50 57 28

Cutting-edges 3 2 2
Cutting-edges type Straight flutes Helical flutes Helical flutes

Point angle [°] 83 120 120
Helix angle [°] 0 30 30

Drill bit tolerance H7 m7 h7

The surface quality was determined through the optical system in a bidimensional
mode. The equipment used was an Alicona Infinite Focus SL device (Bruker Alicona
GmbH, Graz, Austria). This equipment allows for obtaining adequate results in small
measuring areas [19].

The surface quality was measured considering the profile roughness and surface
roughness through the following variables: average roughness (Ra), maximum height of
profile (Rz), arithmetic mean height (Sa), and maximum height (Sz). According to ISO
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21920-2 standard [20], Ra is the mean of the absolute values of the ordinate in the rough-
ness profile, Rz is the highest height of the roughness profile, so the mean value of the
sum, per section, of the largest peak height and largest pit depth. According to ISO 25178-
2 standard [21], Sa is the mean of the absolute of the ordinate values of the scale limited, and Sz
is the maximum height of the surface in a particular area, so the sum of the maximum peak
height value and the maximum pit depth value of the scale-limited surface.

The profile roughness was measured along the generatrix by the Alicona Infinite Fo-
cus SL device with an optical measurement system, using a high pass filter along a value
of cutoff wavelength, Lc, of 250.000 um. These measurements were taken along the gen-
eratrix surface of the hole traced at three different points, separated by 120°. This process
was repeated for each hole. Moreover, to perform measurements in a small area, Ra and
Rz were calculated by taking hole lengths from the entry point of the drill bit to the middle
of the hole length and from the exit point of the drill bit to the middle of the hole. Note
that the laminate thickness is 3.1 mm. Thus, 162 measurements were taken in total, six for
each hole, and their average was calculated as the final value.

Sa and S5z were determined with a measurement area of 1.00 x 1.00 mm and a mag-
nification of 10, considering the cross-section along each hole, and taking one value per
hole, for a total of 27 measurements.

2.2. Data Processing
2.2.1. Statistical Procedure

A general linear Model (GLM) was selected to analyze the response of each variable
[22]. This model type was chosen because it allows assessing the influence of quantitative
and qualitative factors. In this case, the quantitative factors were the spindle rotation
speed and the feed rate, while the qualitative factor was identified with the type of drill
bit.

An analysis of variance (ANOVA) was carried out to identify significant factors and
their contribution to variability, at a 95% confidence level. Moreover, a fitted model was
found, identifying the coefficient of determination, RSquare, to know the explained vari-
ability, and the coefficient RSquare-adj to know if it is possible to compare models with
different independent variables.

2.2.2. Machine Learning Approach

In this study, the machine-learning (ML) approach was used as a complementary
exploratory predictive analysis, not as the core methodological basis of the work. The
main interpretation relies on the experimental comparison and the GLM/ANOVA statis-
tical assessment. The ML models were included to evaluate whether the same input vari-
ables considered in the statistical analysis, namely drill type, spindle rotation speed and
feed rate, were able to reproduce the roughness trends observed experimentally.

Regression learning was used to evaluate the applicability of ML-based methods in
predicting the main roughness parameters from the process parameters. Using Matlab
V.2023 (The MathWorks, Inc., Natick, MA, USA), different regression learning algorithms
were used and tested using different statistics, as is usual when regression learners are
applied [23]. These algorithms were fed with the experimental results.

Four different typologies of regression models were tested to this aim: linear regres-
sion, regression trees, Gaussian regression, Support Vector Machine (SVM) and neural
networks. These models were configured with different hyperparameters and character-
istics to obtain a better prediction performance. Three different linear regression modali-
ties could be applied: linear regression using a constant term (linear), linear regression
considering intercept, linear and interaction terms applying the interaction between
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predictors (linear interaction), and, finally, stepwise linear regression, which weights the
importance of each variable.

Support Vector Machines (SVMs) are flexible and versatile models. These can be ap-
plied using different kernel functions (Radial Base Function (RBF), Quadratic, Cubic or
linear). However, the SVMs are sometimes affected by outliers in higher order than other
regression methods [24]. Specifically, for the RBF kernel, three different kernel scales were
included: fine, medium, and coarse. Those prediction errors that were less than the thresh-
old (e) were ignored and treated as equal to zero.

Gaussian Processes Regression (GPR) methods are based on the application of non-
parametric kernel functions since Bayesian inference [25]. They, as well as SVMs, are non-
parametric methods, but in this case, GPR is more suitable for complex problem-solving
than the previous standard regression methods, especially for complex and noisy func-
tions [26] and for their cross-validation. The GPR model can be configured in different
ways: different kernel functions can be chosen to determine the form of the prior mean
function, and different basic functions can be chosen to determine the correlation in the
response as a function of the distance between the predictor values.

Regression trees are easy-to-interpret models. They are usually fast and do not need
a high memory reservation. The models are obtained by systematically partitioning the
data space and, subsequently, fitting a simple prediction model within each partition [27].

In function of the size of the leaves, three types of trees are used: fine (minimum leaf
size = 4), medium (minimum leaf size = 12), and coarse tree modality (minimum leaf size
= 36). However, the regression trees categorize data instead of generating a continuous
and homogeneous prediction function.

Finally, neural networks are also applied. They are typically good predictive models.
However, the interpretation of the models is more complex than the previous models. The
functioning of this type of artificial intelligence algorithm is well known: each model is
constructed as a regression neural network. The first layer is fully connected to the neural
network. It has a connection from the input of the network (which corresponds to the
predictor data), and each subsequent layer is connected to the previous layer. Each fully
connected layer multiplies the input by a matrix of weights and adds a bias vector. Each
layer is followed by an activation function, except for the last one. The last layer produces
the network output, i.e., the predicted response values to be returned by the model. The
neural network was optimized based on the hyperparameters: the number of fully con-
nected layers, the configuration of the first layer size, second layer size, and third layer
size, activation function, iteration limit, Lambda (regularization strength), and standard-
ized data.

In order to evaluate the performance of the models, the difference between the ob-
served values and the predicted values is usually computed. Classical statistical perfor-
mance results [23,25,28] can be used to evaluate the goodness of the fit from the observed
and predicted values. In this research, two error types were calculated for each model:
Mean Absolute Error (MAE) and Root Mean Square Error (RMSE). Additionally, determi-
nation coefficients (RSquare) were also calculated since it does not depend on the dimen-
sions.

Due to the limited number of experimental observations, cross-validation was used
to estimate the predictive performance of the models and to reduce the risk of evaluating
the algorithms only on the training data. The main reported results correspond to a 10-
fold cross-validation procedure. This strategy was selected because, with a small dataset,
it allows each model to be trained with a larger proportion of the available observations
in each iteration, which is relevant when the number of experimental samples is limited.
In each fold, approximately 90% of the observations were used for training and the re-
maining 10% for validation. Therefore, the reported performance indicators, including
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MAE, RMSE and RSquare, should be interpreted as 10-fold cross-validated indicators
within the tested experimental domain.

Nevertheless, since 10-fold cross-validation leads to small validation subsets when
27 observations are available, an additional analysis regarding the validation strategy was
performed by comparing the 10-fold results with those obtained using 5-fold cross-vali-
dation. This comparison was included to assess whether the predictive performance was
strongly dependent on the number of folds.

The optimization of the models was implemented for these models to obtain the max-
imum performance for the neural network models, since for the rest of the algorithms
used, the small number of observations makes optimization not a feasible process with
significant results. An optimization based on Mean Square Error (MSE) was applied to
find the optimum hyperparameters. The optimization was applied for each studied model
to obtain the hyperparameters and configuration of the optimal model.

3. Results

This section presents the experimental data obtained from Ra, Rz, Sa_i, Sa_o, Sz_i
and Sz_o, and their treatment using GLM and ML.

3.1. Experimental Outcomes

Data obtained from laboratory measurements, regarding Ra, Rz, Sa, and Sz, are
shown in Table 2. In Sa and Sz, the values at the input of the drill bit (Sa_i and Sz_o) and
at the output of the drill bit (Sa_o and Sz_o) have been differentiated. Much higher values
of Ra, Rz, Sa, and Sz for the Dt1 type drill can be observed under the cutting conditions
studied. This drill bit, Dtl, also provides worse results than other tools with helical flutes
in carbon fiber-reinforced polymer laminates [8].

Table 2. Experimental data.

Test Number N [rpm] f[mm/rev] Dt[code] Ra[um] Rz [pum] Sa_i[pum] Sz_i[um] Sa_o[pum] Sz_o[um]
1 1000 0.05 1 10.119  50.345 16.511 383.096 32.896 392.203

2 1000 0.10 1 14.834  78.298 25.772 434.508 32.416 511.331
3 1000 0.15 1 14173  76.863 36.946 268.618 30.193 241.758
4 3000 0.05 1 15986  79.125 32.974 265.204 33.351 280.127
5 3000 0.10 1 13.505 71.316 17.726 282.398 48.042 594.483
6 3000 0.15 1 15.583  77.870 30.403 465.946 27.481 374.971
7 5000 0.05 1 14.151  81.637 24.208 195.184 105.269 587.836
8 5000 0.10 1 15.773  73.420 30.820 231.519 40.340 493.150
9 5000 0.15 1 15.678  77.405 31.837 290.223 19.649 460.289
10 1000 0.05 2 1.945 12.781 1.521 34.446 2317 67.552
11 1000 0.10 2 2664  25.801 2.322 38.586 2.064 68.329
12 1000 0.15 2 3.056  17.387 2.065 126.174 7.397 199.549
13 3000 0.05 2 2.588  16.474 1.653 21.031 7.478 129.861
14 3000 0.10 2 4172  27.587 3.574 125.344 3.818 122.585
15 3000 0.15 2 1.879  11.051 3.122 83.015 2.366 51.312
16 5000 0.05 2 1.797  12.778 2.357 68.052 2.947 123.341
17 5000 0.10 2 2952  18.933 3.058 66.530 2.859 42.324
18 5000 0.15 2 2471  16.984 1.512 20.634 6.427 102.831
19 1000 0.05 3 2168  14.004 1.890 13.679 1.314 27.198
20 1000 0.10 3 2320 14526 2132 23.675 1.737 39.597
21 1000 0.15 3 2243  13.589 1.934 26.260 2.799 150.085
22 3000 0.05 3 2362  15.065 2.403 74.714 1.718 13.267
23 3000 0.10 3 2954  17.742 1.786 32.852 1.706 32.349
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24 3000 0.15 3 3.034  20.252 2.080 17.473 1.662 27.372
25 5000 0.05 3 2128  14.668 2.026 16.466 7.337 188.813
26 5000 0.10 3 2630 17.297 1.664 15.671 1.528 15.616
27 5000 0.15 3 2972 21.696 2.177 28.278 3.369 31.781

3.1.1. Profile Roughness

Initially, a large dispersion exists in the results of roughness measurements. Ra val-
ues range from 1.797 to 15.986 um, and Rz values range from 11.051 to 81.637 pm. How-
ever, the highest values are all due to Dtl, while the results for Dt2 and Dt3 are much
lower and more homogeneous. As this material is difficult to machine, the results obtained
with Dt2 and Dt3 can be considered very favorable and better than those achieved with
other types of drill bits. The values found by Magyar et al. [14] for Ra and Rz are much
higher than those obtained for Dt2 and Dt3, but are lower than those achieved with Dtl,
also in BFRP; however, the type of drill bit and the cutting conditions are different, so they
are not strictly comparable. Although the Dt1 drill bit was specifically designed for com-
posite materials, there are differentiating characteristics compared to Dt2 and Dt3 that can
lead to different results, such as cutting-edge type, straight flutes, point angle, and helix
angle. Other characteristics, such as tolerance and coating, are similar in all three drill bits.
Straight flutes with point and helix angles of 0° and 83° respectively do not facilitate chip
removal under these cutting conditions.

3.1.2. Surface Roughness

As can be seen in Table 2, the values of Sa and Sz are much higher for Dtl, both at
the entry and exit of the drill bit. The maximum value of Sa_i is 36.946 um for N = 1000
rpm and f = 0.15 mm/rev (test 3), and that of Sa_o is 105.269 um for N = 5000 and f = 0.05
mm/rev (test 7). Regarding Sz _i, the highest value is 465.946 for N = 3000 rpm and f = 0.15
mm/rev, and for Sz_o is 594.483 um for N = 3000 rpm and f = 0.1 mm/rev. Dt1 clearly
provides much worse results than the other two tools, always for Dt1.

The minimum value of Sa_i (1.512 um) was obtained with Dt2 under the cutting con-
ditions of N = 5000 rpm and f = 0.05 mm/rev, whereas the minimum value for Sa_0 (1.314
pum) was obtained with Dt3 at N = 1000 rpm and f = 0.05 mm/rev. With respect to Sz_i, the
minimum value was 13.679 (N = 1000 rpm and f = 0.05 mm/rev) for Dt3, and for Sz_o was
13.267 (N = 3000 rpm and f = 0.05 mm/rev) for Dt3. The behavior of the Dt2 and Dt3 drill
bits is similar. Regarding drill bit types, similar considerations to those made for profile
roughness can be made for surface roughness.

Figure 2 shows the surface of the holes with the lowest and highest surface roughness
at the entrance of each drill bit. Figure 2a shows possible matrix deformation, while Figure
2b,c show no defects or damage; this matrix deformation is also observed in Figure 2d in
a more pronounced way. Finally, Figure 2e,f displays a light fiber pull-out.

Figure 3 shows the lowest and highest surface roughness values of the holes at the
exit of each drill bit. Figure 3a shows detachment of the epoxy resin, Figure 3b displays
fiber pull out, and no relevant damage is identified in Figure 3c. Clearly, Figure 3d shows
the same type of damage as Figure 3a. Figure 3e,f show an alignment of the fibers similar
to that found in Figure 2e,f.

https://doi.org/10.3390/jmmp10070221



J. Manuf. Mater. Process. 2026, 10, 221 8 of 20

Figure 2. Holes with lowest and highest surface roughness at the entrance of each drill bit: (a) Low
Sa_i, Test 1—Dt1; (b) Low Sa_i, Test 18 —Dt2; (c) Low Sa_i, Test 26—Dt3; (d) High Sa_i, Test 3—Dt1;
(e) High Sa_i, Test 14—Dt2; (f) High Sa_i, Test 22—Dt3.

Figure 3. Holes with lowest and highest surface roughness at the exit of each drill bit: (a) Low Sa_o,
Test 9—Dtl; (b) Low Sa_o, Test 11—Dt2; (c) Low Sa_o, Test 19—Dt3; (d) High Sa_o, Test 7—Dt1; (e)
High Sa_o, Test 13—Dt2; (f) High Sa_o, Test 25—Dt3.
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3.2. Statistical Outcomes

The application of a GLM model has allowed for obtaining an adjustment for each
variable. Table 3 shows data from ANOVA realized for each variable, indicating the
results of the p-value and the contribution, in percentage, of each factor to the variability.
As is seen in Table 3, the model is significant at a 95% confidence level (p-value < 0.05); in
other words, there are significant factors that influence the results. This is corroborated by
identifying the only significant factor for all of the effects, also at a 95% confidence level,
the drill bit. This is to be expected when analyzing the data in Table 2 and observing the
large differences between the outputs for Dt1, compared to Dt2 and Dt3.

The contribution of residual variability or unexplained variability is low for profile
roughness but increases for surface roughness, in particular for Sa_o. This behavior is
primarily driven by the occurrence of fiber pull-out and entanglement in the regions
adjacent to the hole exit, induced by an inefficient cutting mechanism of the tool —an effect
particularly pronounced for Dtl. This condition is further compounded by delamination
phenomena, which inherently increase the surface imperfections and degrade the final
finish of the drilled hole. Due to the high uncertainty and stochastic nature governing
these damage mechanisms, experimental measurements exhibit greater imprecision and
substantial dispersion, thereby hindering the capability of predictive models to accurately
replicate these machining conditions. This phenomenon becomes increasingly critical at
the exit macro-zone of the orifice, where the progressive reduction in the structural
stiffness of the composite laminate compromises its capacity to effectively support and
retain the fibers during the cutting process.

Table 3. ANOVA results for measured outputs.

Model Dt f N Residual
Ra p-value 0.0000 0.0000 0.1043 0.1431 -
Contribution 97.00% 96.30% 0.39% 0.31% 2.99%
Ry p-value 0.0000 0.0000 0.1967 0.2635 -
Contribution 95.58% 94.96% 0.36% 0.26% 4.42%
Sa i p-value 0.0000 0.0000 0.1308 0.6174 -
- Contribution 91.74% 90.72% 0.92% 0.096% 8.26%
Sa o p-value 0.0000 0.0000 0.1340 0.2148 -
- Contribution 68.02% 62.12% 3.52% 2.37% 31.98%
Sy i p-value 0.0000 0.0000 0.3057 0.1005 -
- Contribution 86.08% 83.53% 0.69% 1.86% 13.92%
Sz o p-value 0.0000 0.0000 0.6521 0.3598 -
- Contribution 82.22% 81.34% 0.17% 0.71% 17.78%

Despite the differences between the results of the drill bits, all of them have been
considered to obtain a predictive regression model, with the aim that this model is suitable
for all types of tools.

For Ra, the fitted model, RSquare reaches a value of 97.01% and RSquare-adj of
96.46% (see Table 4). Regarding Rz, the fitted model provides values RSquare and
RSquare-adj of 95.58% and 94.77% respectively. A similar behavior of Ra and Rz for all
drill bits can be observed in Figure 4, describing the predictive model. In all of them, the
roughness increases with increasing spindle rotation speed and feed rate. See Figure 4a,b
for Dt1, Figure 4¢,d for Dt2, and Figure 4e,f for Dt3.

https://doi.org/10.3390/jmmp10070221
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Table 4. Parameter estimated for independent variables.

Dependent Parameters * RSquare RSquare
Variable Il 12 f N Intercept adj.

Ra 7.9 3.91 8.72 0.0002 5.07 97.01% 96.46%

Rz 37.92 1835  40.24 0.00087 29.48 95.58% 94.77%
Sa_i 16.86 8.26 29.48 0.00024 6.95 91.74% 90.24%
Sa_o 25.13 1176 103.65 0.0021 19.93 68.02% 62.20%
Sz_i 177.8 703 283.05 0.012 141.57 86.09% 83.55%
Sz_o 238.46 98.03  189.17 0.0097 188.77 82.22% 79.00%

*I1=1if Dt=1, -1if Dt =3, 0 otherwise; 12 =1 if Dt = 2, -1 if Dt = 3, 0 otherwise.

At the hole entrance, the value of Sa can be adjusted with a RSquare equal to 91.74%
and a RSquare-adj equal to 90.24%. At the exit of the hole, the predictions for Sa_o are
generated with a value of RSquare of 68.02% and a value of RSquare-aj of 62.20%.

The fitted model for Sz_i shows an RSquare equal to 86.09% and RSquare-adj equal
to 83.55%. Finally, a fitted model for Sz_o shows values of RSquare equal to 82.22% and
RSquare-adj equal to 79.00%.

Dt1
E
=
N
o
0.05 0.10 0.15 1000 [rom)
f [mm/rev]

(b)

Ra [um]

0.
0.10 0.15 1000\ 1oy 05 0.10 0.15 1000 N rrpm]
f [mm/rev] f [mm/rev]

Ra [um]

Figure 4. Estimated response surface of profile roughness: (a) Ra for Dt1; (b) Rz for Dt1; (c) Ra for
Dt2; (d) Rz for Dt2; (e) Ra for Dt3; (f) Rz for Dt3.
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The behavior of the predictive models of Sa and Sz at the entrance and exit of the hole
is described in Figure 5. Figure 5a,b shows that for the drill bit Dt1, the values of Sa_i
increase as N and f increase, while Sa_o increases with N but reduces as the values of f are
higher. This same effect can be seen in Figure 5c,d for Dt2 and in Figure 5e,f for Dt3.
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Figure 5. Estimates response surface of surface roughness: (a) Sa_i for Dt1; (b) Sa_o for Dtl; (c) Sa_i
for Dt2; (d) Sa_o for Dt2; (e) Sa_i for Dt3; (f) Sa_o for Dt3; (g) Sz_i for Dt1; (h) Sz_o for Dt1; (i) Sz_i
for Dt2; (j) Sz_o for Dt2; (k) Sz_i for Dt3; (1) Sz_o for Dt3.

Regarding Sz, at the entry hole, Sz_i remains relatively constant in the results of the
three drill bits. However, in Sz_o it increases as N increases and decreases as f increases,
after drilling with Dt1, Dt2, and Dt3. This could be due to the fact that raising the feed
speed facilitates the exit of the drill in case of possible fiber breakage. Therefore, a similar
behavior exists with respect to Sa and Sz, as is appreciated in Figure 5g,h for Dt1, in Figure
5i,j for Dt2 and in Figure 5k,1 for Dt3.

3.3. ML Results

The algorithms indicated in Section 2.2.2 were applied with the configuration
established in Table 5 and Figure 6. Please note that in the case of the neural network, an
MSE optimization process was implemented in order to find the main hyperparameters
of the model for each response.

Training
Regression learner
method selection
¢ Linear Test dataset

* Decision Tree —- — =
for Regression Optimization Predictive i

«  Support Vector (forNeural ~ —>{ performance |—>{
Machine Network) evaluation e =

* Gaussian Training dataset
Regression

* Neural Network

Figure 6. Workflow followed to train the ML algorithms.

Table 5. Regression learner algorithms trained using the experimental data.

Regression Learner Type Description
LR Classic linear regression
LRi Linear Linear interaction regression (considering intercept, linear and interaction
terms) that applies the interaction between predictions

LRsw Stepwise linear regression
TF Decision Tree for Fine Tree. Minimum leaf size = 4
™ Regression Medium Tree. Minimum leaf size =12

SVMc Sup&z:;}f:tor Support Vector Machine configured with Cubic kernel
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Gaussian process regression configured with a Square Exponential Kernel

GPRs . .

Gaussian Function
GPRr Regression Gaussian process regression configured with a Rational Kernel Function
GPRm Gaussian process regression configured with a Mattern 5/2 Kernel Function

Neural Network optimized with the following hyperparameters:

Connected Layers: 3

First layer size: 10
Second size: 10
NNOpt Neural Network Third layer size: 10
Activation function: Rectified Linear Unit (ReLU)
Iteration limit: 30
Regularization Strength (Lambda): 0
Standardized data: on

All of these algorithms were tested for each one of the variables, taking into account
the scheme shown in Table 6 and Figure 6. In this way, each response was calculated from
a predictive regression learner model as a function of the three features considered (N, f,
Dt).

Table 6. Features used to train the prediction models and responses obtained for each one of the
models. Each model is trained to give a unique response using the three features.

Parameter Symbol Feature/Response

Rotation speed N Feature (numerical)

Feed rates f Feature (numerical)

Tool Dt Feature (categorical codified)

Average roughness Ra Response
Maximum height of profile Rz Response
Arithmetic mean height (input of the drill bit) Sa_i Response
Arithmetic mean height (output of the drill bit) Sa_o Response
Maximum height (input of the drill bit) Sz_i Response
Maximum height (output of the drill bit) Sz_o Response

For the first time, data exploration was implemented using a dispersion plot matrix
(Figure 7). As the reader can see, only a correlation between Ra and Rz was found. The
rest of the responses are independent.

The algorithms and model configurations, including the main hyperparameters
(Table 5), were applied to each roughness response according to the scheme shown in
Table 6 and Figure 6. The quantitative predictive performance results of the different
learner algorithms are shown in Table 7, while qualitative analysis based on response
plots is shown in Figures 8-10. Based on RSquare, the two top 2 more predictive
performance methods were reported for each response (Table 7).

Please note that the ML results must be interpreted with caution because the dataset
contains 27 experimental observations. Therefore, the aim of this section is not to provide
fully generalizable industrial prediction models, but to compare different regression
strategies and to verify whether they are consistent with the trends identified by the
experimental and statistical analyses.

Average roughness (Ra) and a maximum height of profile (Rz) were successfully
predicted with an RSquare of 0.96 and 0.90 respectively. As a general rule for Ra, the
higher the values of response, the higher the error. The same is not valid for Rz (where
there is no clear difference) (Figure 8). However, there is a central area of the response
range in which there is a lack of values. This could make the result of the correlation
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between actual and predicted values overrated. The more adequate learner algorithms
were different for Ra and Rz. For Ra, fine tree (FT) was the more performant algorithm,
while for Rz, it was the stepwise linear regression. The second most effective prediction
method was the Gaussian regression (GPRr) for the two cases.

Ra Rz Sa i Sa o Sz Sz o
1 i j --_ wape & atie ot Wt Ay
m . - . -
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m .II' o e LT - "‘.? L % B ap ':
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Figure 7. Correlation matrix plot for the responses.
Table 7. Quantitative predictive performance results for the trained models.
Response Learning Method = RMSE MAE RSquare * Relative Variation in RSquare **
Ra TF 1.237 0.768 0.96 0.00%
GPRr 1.830 1.308 0.90 12.05%
Rz LRsw 5.244 4.429 0.97 17.02%
GPRr 9.817 7.905 0.88 3.75%
Sa i TF 4.103 2.3351 0.90 4.60%
- NNOpt 4.969 2.615 0.86 21.25%
Sa o NNOpt 15.657 10.504 0.57 52.94%
- TF 15.910 7.460 0.53 10.34%
Sy i TF 58.727 42.320 0.85 8.86%
- GPRs 74.360 51.861 0.75 3.66%
Sz o TF 94.107 71.993 0.76 2.56%
- GPRs 120.05 93.109 0.63 1.49%

* Correlation: predicted vs. real value. ** The relative variation was calculated by subtracting the
RSquare value obtained with 5-fold cross-validation from the RSquare value obtained with 10-fold
cross-validation, dividing this difference by the RSquare value obtained with 10-fold cross-

validation.
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Figure 8. Features plot with error bar for the most accurate model trained for Ra and Rz (left).

Features plot with error bar for the second most accurate model trained for Ra and Rz (right).

Arithmetic mean height (input of the drill bit) (Sa_i) was successfully predicted
(RSquare = 0.88). The error was higher for the higher values of Sa_i (Figure 9). The more
accurate regression learner was the fine tree. Arithmetic mean height (output of the drill
bit) (Sa_o) shows less favorable prediction results in comparison to Sa_i (RSquare = 0.57)
for the more accurate regression learner (Optimizable Neural Network) (Table 7). This
result does not allow us to accomplish the prediction goal.

This low performance can be due to the outliers, as can be observed from the
significant differences between MAE and RMSE (Table 7). In this case, the error was also
higher for the higher values of Sa_i.

Maximum height (input of the drill bit) (Sz_i) was predicted with an acceptable
performance (RSquare = 0.85) when a fine tree regression learner was used. In this case,
the data cover a large part of the data (unlike in the previous cases) (Figure 10). Therefore,
the performance results are expected to be more reliable. For maximum height (output of
the drill bit), the performance results are less favorable (RSquare = 0.76) for the more
accurate regression learner.

In general, for the mean height and for the maximum height, the prediction models
are more suitable for the case of input of the drill bit.

Finally, the average relative variation in RSquare between the 10-fold and 5-fold
cross-validation procedures was 11.54%. This value indicates a moderate sensitivity to the
validation scheme and suggests that, despite the limited dataset size, the main
performance trends remained reasonably consistent when changing the number of folds.
In the specific case of Sa_o, the variation was significantly higher than the rest of the
responses (although, in general, the predictive performance for that variable was low).
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Figure 9. Features plot with error bar for the most accurate model trained for Sa_i and Sa_o (left).

Features plot with error bar for the second most accurate model trained for Sa_i and Sa_o (right).
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Figure 10. Features plot with error bar for the most accurate model trained for Sz_i and Sz_o (left).

Features plot with error bar for the second most accurate model trained for Sz_i and Sz_o (right).
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4. Discussion of Results

Despite the fact that in some studies, where drilling with very dissimilar drill bits has
been analyzed, in which both the tool and the feed rate are significant in the results of
surface quality, in this particular work, only the tools are significant. As can be seen in
Table 2 and Figure 4, the adequate fitting for experimental and predicted data of Ra and
Rz shows the great differences between the two groups of drills, Dt1 and Dt2-Dt3. A more
detailed analysis through Table 4 and Table 7 allows observing a better fit for Sa with
respect to Sz. This can be expected because the values of Sa, being an average, are
smoothed, while the values of Rz can reach greater deviations due to specific causes of the
behavior of the fiber (breaks, deformations) or of the epoxy during drilling.

On the other hand, the higher values of Sz at the exit of the hole with respect to the
entrance may be due to an increase in temperature during the process, as suggested by
Xu et al. [9], and that can also be a consequence of the increase in rotation speed and feed
rate. In Figures 2 and 3, the texture for the drill bit in the first hole can be seen; in it, a
similar texture in inlet and outlet holes drilled with Dt2 and Dt3 is observed, but a slightly
damaged surface in the outlet hole is appreciated. This fact is accentuated by increasing
the rotation speed and the advance of the bit.

Overall, the ML-based results are consistent with the statistical analysis in identifying
the drill type as the main variable associated with roughness variation. However, the
limited dataset size restricts the generalizability of the models. Consequently, these
models should be considered auxiliary predictive tools within the experimental domain
analyzed, and not standalone predictive models for broader manufacturing conditions.
Both methods, GLM and ML, have provided well-fitting predictions, with similar results.
In composites with CFRP, it has been found that ML models, specifically Random Forest
(RF), provide better predictions of Ra than ANN (Artificial Neural Network) and the RMS
(Response Surface Methodology) statistical method [29].

5. Conclusions

BFRP laminates have been machined with three different drill bits, and their profile
roughness and surface roughness have been evaluated by analyzing Ra, Rz, Sa and Sz, by
means of an optical system. The drill bit Dtl is not a recommended tool for drilling in
basalt fiber reinforced composites, at least in the cutting conditions used, because lower
values in profile roughness and surface roughness are found for Dt2 and Dt3. Under
certain conditions, a better result for Dt1 might be found.

A predictive model has been developed, in particular, a general linear model at a 95%
confidence level. Although the only significant factor for all effects is the type of drill bit,
the behavior of all variables is similar for all drill bits. The optical measurement of surface
roughness has been hampered by fiber breakages.

Different ML methods for regression have been applied at an exploratory level: linear
methods, Gaussian regression methods, Support Vector Machines, fine trees, and neural
networks. These methods use only three parameters: rotation speed, feed rates, and tool
(this last is categorical). The performance has been quantitatively evaluated using RMSE,
MSE, and RSquare; and also, qualitatively using the response plots with error bars. An
optimization process based on statistical Bayesian has been applied to the neural network
in order to find the optimal hyperparameters.

Through this analysis, it was possible to establish regression learning models to
provide the main roughness parameters as feedback with the smallest possible number of
characteristics (N, Dt, and f), and taking into account that some of them are coded (Dt) or
stratified for this experimental design (N and f). Machine-learning models provided an
additional exploratory perspective to support the experimental and statistical findings.
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Their results suggest that the selected input variables contain useful information to
reproduce roughness trends, particularly for Ra, Rz and Sa_i. Nevertheless, due to the
limited number of observations, the ML models should not be interpreted as externally
validated or fully generalizable prediction tools. Further experimental data, including
independent validation tests, would be required before practical industrial deployment.

The more accurate prediction methods were those established for Ra, Rz, and Sa_i.
In general, drill bit input parameters are more accurately predicted than drill bit output
parameters. This discrepancy is primarily attributed to the greater structural integrity of
the composite laminate during the initial stages of penetration, which promotes a more
stable cutting mechanism and minimizes defects. Conversely, the loss of stiffness at the
exit face triggers push-out delamination and fiber fraying-damage mechanisms that are
highly non-linear and stochastic in nature, introducing a substantial degree of
experimental scatter and variance, which ultimately limits the robustness and predictive
accuracy of the models.

The experiment implemented is a first step to generating intelligent predictive
methods for the estimation of roughness in holes drilled in basalt fiber-reinforced
polymer. Although the number of data to train the algorithms was small and some data
were stratified and codified, the applied methods converged, and it is hypothetically
expected that the prediction results improve with a larger and more variable number of
experimental data.

As future developments, cryogenic machining can be an option to assess to improve
the results of surface quality, to avoid the effect of increased temperature during
machining. Its use, analysis of the influence of different parameters, and application of
intelligent predictive methods based on a long series of experimental data are areas of
research to be carried out.
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