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Abstract: Superhydrophobic surfaces have garnered significant attention due to their piv-
otal roles in various fields. Femtosecond laser technology provides a feasible means for
inducing superhydrophobic microstructures on material surfaces. However, due to the
unclear influence mechanisms of process parameters, as well as the high cost and time-
consuming nature of experiments, identifying the optimal femtosecond laser processing
parameters within the process space remains a significant challenge. To address this issue,
a process optimization framework that couples machine learning and genetic algorithms
was proposed and successfully applied to the optimization of femtosecond laser-induced
groove structures on TC4 alloy surfaces. Firstly, based on 64 sets of experimental data, the
effects of the power, scanning speed, and scanning interval on the micro-groove structures
and their wetting properties were discussed in detail. Furthermore, by utilizing this small
sample dataset, various machine learning algorithms were employed to establish a predic-
tion model for the contact angle, among which support vector regression demonstrated the
optimal predictive accuracy. Three additional dimensional variables, i.e., the number of
effective pulses, energy deposition rate, and roughness, were also added to the original
dataset vectors as extra dimensions to participate in and guide the model training process.
The prediction model was further coupled into a genetic algorithm to achieve the quan-
titative design of femtosecond laser processing. Compared to the best hydrophobicity in
the original dataset, the contact angle of the designed process was improved by 5.5%. The
proposed method provides an ideal solution for accurately predicting wetting properties
and identifying optimal processes, thereby accelerating the development and application
of femtosecond laser-induced superhydrophobic microstructures.

Keywords: femtosecond laser; machine learning; superhydrophobicity; genetic algorithm

1. Introduction

Superhydrophobic surfaces have attracted extensive research interest due to their wide
range of applications, including anti-icing [1], self-cleaning [1,2], and anti-corrosion [3]
applications; oil-water separation [4,5]; etc. In particular, as a material widely utilized in
fields such as the biomedical and aerospace fields, titanium alloys are subject to stringent
performance requirements, including resistance to corrosion and ice formation [6,7]. In this
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regard, the enhancement of hydrophobic performance can provide favorable conditions for
constructing ice-resistant and corrosion-resistant titanium alloy surfaces. How to fabricate
superhydrophobic surfaces poses a major challenge. Chemical etching can rapidly endow
various material surfaces with superhydrophobic properties based on specific reagents;
however, it relies on a long-term process flow and complex chemical reactions [8]. Vapor
deposition is another reliable approach for the fabrication of superhydrophobic surfaces,
although the precise control of surface morphology and chemical composition still requires
optimization [9]. Recently, femtosecond laser-induced microstructures have emerged as
the most promising method for fabricating superhydrophobic surfaces, especially due
to the method’s unique advantage of being able to fabricate a variety of customized
microstructures in a single step [10-13].

An outstanding issue is how to select the optimal parameters within a vast process
space to attain the optimal superhydrophobicity, since the wetting performance relies on
a narrow range of different parameters that are still not well understood [14,15]. Some
scholars have focused on establishing a qualitative dependence relationship between fem-
tosecond laser processing parameters and the wetting performance to guide the parameter
screening. For example, Tang et al. fabricated grid-like microstructures on a Si surface using
femtosecond lasers and systematically discussed the influence of the scanning speed and
scanning interval on the wetting performance [16]. Similarly, Sun et al. used femtosecond
lasers to fabricate microcone structures on acrylic polyurethane coatings [17]. They also
investigated the relationship between the microstructures created on the coatings under
different laser parameters and the corresponding hydrophobicity. These extensive and
systematic studies have provided the necessary theoretical basis for the formulation of
femtosecond laser processes, although such guidance is more limited to the qualitative
level. Moreover, the exploration of process parameters, which relies on standardized ex-
periments, is hindered by the long experimental cycle and high cost, making it difficult
to cover the entire process space. How to achieve the efficient and low-cost quantitative
design of femtosecond laser process parameters to maximize wetting performance is an
urgent problem to be solved.

Directly predicting and optimizing the wetting performance of femtosecond-induced
microstructures based on models is an ideal solution [18]. Several researchers ini-
tially expected to attain the aforementioned objectives by constructing physical models.
Kusumaatmaja et al. constructed a physical model to describe the dynamic and ther-
modynamic behaviors of droplets by coupling the continuum free energy equation, the
Navier-Stokes equations, etc. [19]. Li et al. conducted a thermodynamic analysis of a pillar
microtexture, a typical structure widely discussed in experiments, based on a physical
model, and the roles of pillar height, width, spacing, and drop size were systematically
investigated [20]. Furthermore, the quantitative design criteria for the superhydrophobic
surface of this specific structure were proposed. Moradi et al. put forward a thermody-
namic model aimed at predicting the contact angle (CA) of micro-/nanosinusoidal and
parabolic patterns generated via laser ablation [21]. However, physical models are generally
only applicable to a few specific microstructures. Moreover, their heavy dependence on
extensive human efforts and domain expertise makes them difficult to popularize. To
identify laser-induced microstructures with an excellent hydrophobicity in the midst of
large design spaces within realistic time frames, a model that can accurately predict wetting
performance and that is compatible with various microstructures is required. Machine
learning can rapidly establish accurate quantitative models between inputs and outputs
based on statistical data laws, and this has been widely applied in material development
and laser processing technology optimization [22,23]. Zhang et al. established a model
for a laser-drilling process using various machine learning algorithms, enabling the pre-
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cise prediction of features such as the taper under different parameters like laser power
and frequency [24]. Machine learning models were further integrated into optimization
algorithms to optimize multi-dimensional laser process parameters. Therefore, machine
learning offers a potential solution for establishing a process model of laser-fabricated
superhydrophobic surfaces and achieving process optimization.

In this study, a data-driven machine learning model was proposed for predicting
the wetting performance of different laser-induced microstructures and quantitatively
optimizing the related processes. By discussing the variations in wetting performance under
different powers, scanning speeds, and scanning intervals, the influence of femtosecond
laser process parameters on the wetting performance were clarified. The experimental data
were integrated and deeply mined to form a small-sample dataset. Machine learning was
employed to establish a prediction model for the relationship between femtosecond laser
processes and the wetting performance, and the influences of factors such as algorithm
selection and the dimensionality of input variables were discussed in detail. Furthermore,
the optimal machine learning model was coupled with the genetic algorithm to optimize
the femtosecond laser process parameters, resulting in an effective improvement in the
wetting performance. The proposed method provides a universal solution for the process
design and optimization of fabricating superhydrophobic surfaces using femtosecond
lasers, and it can be extended and applied to other laser micro—nano processing fields.

2. Experimental and Simulation Methods
2.1. Experimental Procedures

A femtosecond laser was used to perform linear scanning on the surface of a TC4
alloy to fabricate micro-groove structures, which covered the entire surface in a zigzag
pattern. The TC4 samples were cut into test pieces with a size of 15 mm x 15 mm. Different
micro-groove structures were obtained by varying the laser power, scanning speed, and
scanning spacing. The laser power was specifically set to 2, 4, 6, or 8 W. The scanning speed
was specifically set to 10, 50, 100, or 200 mm/s, and the scanning spacing was between
30 and 60 pm with a 10 um step size. Therefore, a total of 64 sets of surface micromachining
with different femtosecond laser process parameters were carried out.

The pulse width and wavelength of the femtosecond laser were 260 fs and 1030 nm,
respectively. The laser energy followed a Gaussian distribution, and the spot size was
approximately 40 pm. During the laser micromachining process, the laser beam was
directly focused on the surface of the sample. A half-wave plate and a beam splitter were
combined to restrict the input energy. Meanwhile, a pyroelectric detector was employed
together with a beam splitter for the real-time monitoring of the laser power. Figure 1
shows the setup of the femtosecond laser system.

After laser processing, a laser scanning confocal microscope (LSCM, LEXT OLS5100,
Olympus, Tokyo, Japan) was used to characterize the geometric profile of the micro-groove
structures and measure their roughness. A scanning electron microscope (SEM, ZEISS
Sigma300, Jena, Germany) was employed to characterize the surface morphology. A CCD
camera (XDC-10A, Hayear, Jiaxing, China) was employed to take a transverse snapshot
of the droplets within the processed area, and the Image] 2024 software was utilized to
measure the droplet contact angle (CA). The CA of each microstructure was measured
three times, and the average CA was used to characterize the wettability. The volume of
the distilled water droplet was 2 pL.
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Figure 1. The experimental setup of the femtosecond laser system.

2.2. Modeling the Femtosecond Laser Process Using Machine Learning

The experimental results were integrated to form a systematic dataset, which included
three dimensions of laser processing parameters and the corresponding CA. Figure 2
shows the framework for constructing the machine learning model. In addition to the
laser processing parameters, three additional variables, i.e., the effective number of pulses,
energy deposition rate, and roughness, were added to the dataset and used as inputs. The
number of effective pulses represents the actual number of pulses acting on a certain point
during the linear scanning process, and its calculation method can be found in ref. [25].
The energy deposition rate was obtained by calculating the energy deposition density per
unit time. These two physical quantities characterize the energy deposition characteristics
under different laser parameters and are closely related to the formation of microstructures.
The roughness was directly measured by LSCM; it is a key factor influencing the wetting
properties of microstructures. Therefore, there were a total of six dimensions to the input
and one dimension to the output. The distribution of all the data is shown in Table 1.
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Figure 2. Schematic diagram of the proposed machine learning framework.

Multiple machine learning algorithms were employed to develop prediction models
for the wetting properties of laser-induced microstructures, including support vector
regression (SVR), gradient boosting regression (GBR), random forest (RF), etc. Before
training the machine learning models, all the data were standardized to eliminate the
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differences in the orders of magnitude among the variables. The dataset was divided into
a training set and a testing set at an 8:2 ratio. After 100 rounds of training, the average value
and standard deviation of the predictions were calculated to represent the final results.
During the training process, the grid optimization algorithm was used to find the optimal
combination of hyperparameters.

Table 1. Values of the inputs and outputs from the experimental datasets.

Variables Maximum  Minimum Average  Standard Deviation

Laser power (W) 8 2 / /
Scanning speed (mm/s) 200 10 / /
Inputs Scanning spacing (um) 60 30 / /
Effective number of pulses 5 0.25 / /
Energy deposition rate (uJ/pm?-s) 4076 1019 / /
Roughness (um) 9.9 0.1 / /

Outputs Contact angle (degree) 143 54 116.9 19.7

After model training, the accuracy of each algorithm was evaluated using the square of
the correlation coefficient (R?) and the mean absolute error (MAE), which were calculated
as follows [26]:

MAE = "2 |f(x) ~ yi M

R = (nEs f(xi)yi = i £ () T )
(my i) = (Tl F)? ) (1 92 — (0 9)2)

where 7 is the number of samples and f(x;) and y; denote the predicted value and the

(2)

measured value of the i-th data point, respectively.

To optimize the laser parameters for achieving the best hydrophobic performance, the
prediction model was further coupled with the genetic algorithm. The initial population
size was set to 50, and the number of iterations was set to 1000, with the optimization
objective of maximizing the contact angle. During the generation of offspring, mutations
and crossovers were set to generate new individuals.

3. Results and Discussion
3.1. Effect of Laser Process Parameters on Microstructures

Figure 3 shows the surface geometric morphologies under different powers when the
scanning speed was 100 mm/s and the scanning spacing was 60 um. The color represents
the size distribution of the grooves, with red indicating higher protrusions and blue signi-
fying greater depths of indentation. Figure 3(a,a;) depict two different views of the same
micro-groove structure (2 W). The curve represents the contour line obtained from a linear
scan along the longitudinal direction of Figure 3a;. Similarly, Figure 3b—d also display the
aforementioned information for different laser-induced micro-groove structures. Femtosec-
ond laser linear scanning induced a regular arrangement of micro-groove structures on the
surface of TC4, with a flat hilltop morphology at the top. The peak-to-valley height (PV)
was defined to quantitatively characterize the size of the micro-grooves. As the laser power
increased, the PV value increased from 1.44 pm to 2.12 um. Due to the high scanning speed,
the laser ablation path per unit time was quite long. Moreover, the spot overlap rate was
relatively low along the laser scanning direction, resulting in a small number of effective
pulses acting on the unit area of the material surface. Therefore, the overall depth of the
micro-grooves was relatively small. Additionally, as the laser power increased, the energy
at each spatial position of the Gaussian distribution also increased, including that in the
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edge region. This led to a slight increase in the bottom width of the micro-grooves and
a significant narrowing of the ridge at the top.
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Figure 3. Microstructure surface profile induced by different laser powers: (a) 2 W, (a1) front view
and linear scanning contour of (a), (b) 4 W, (by) front view and linear scanning contour of (b), (c) 6 W,
(c1) front view and linear scanning contour of (c), and (d) 8 W, (d1) front view and linear scanning
contour of (d).

To quantitatively characterize the differences in micro-groove features under various
laser processing parameters, statistical analyses were conducted on the PV values and
surface roughness, as shown in Figure 4. Notably, the influence mechanism of the laser
power exhibited distinct variations across different scanning intervals. Specifically, in large
scanning intervals (50 um and 60 pm), an elevated laser power induced significant increases
in the PV values and surface roughness, as demonstrated in Figure 3. On the contrary,
in small scanning intervals (30 pm and 40 pum), an elevated laser power demonstrated
minimized PV values and surface roughness. When the scanning line spacing was smaller
than the laser spot diameter, adjacent laser scan lines exhibited significant overlap, creating
a thermal synergistic effect that enhanced material consolidation. In this regard, the material
surface exhibited a unique topography characterized by densely distributed micro-pits and
protrusions rather than regular micro-groove structures, resulting in a significantly reduced
surface roughness. As the scan line spacing was further increased to exceed the diameter
of the laser spot, the interaction between two adjacent scan lines gradually diminished,
resulting in both the PV value and the roughness being predominantly determined by the
depth of the micro-grooves. Four sets of characteristic parameters were selected to discuss
the influence of scanning speed, as shown in Figure 4c,d. For all samples, both the PV
value and the roughness continuously increased as the scanning speed decreased. As the
scanning speed decreased, the distance traveled by the laser spot per unit time became
shorter, resulting in a higher spot overlap rate. This led to a more significant material
removal effect and induced larger micro-groove dimensions. It is noteworthy that, in
the 8 W~30 pm sample, due to the maximum power and the smallest scan line spacing,
the sample exhibited the most severe ablation. The surface of the sample was uniformly
removed as a whole, precluding the formation of regular groove morphologies, and hence,
the PV value could not be statistically determined.
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Figure 4. The PV values and roughness of microstructures induced by different laser processes: (a) PV
of different powers and scanning intervals, (b) roughness of different powers and scanning intervals,
(c) PV of different scanning speeds, and (d) roughness of different scanning speeds.

The dimensions of the micro-grooves and the surface roughness are key factors in-
fluencing wettability. Figure 5 illustrates the CA values under different laser processing
conditions. When the scanning speed was 10 mm/s, a higher laser power was more fa-
vorable for achieving a larger contact angle, while the influence of the scanning interval
was minimal. At a scanning speed of 50 mm/s, a small scanning interval required a high
power, whereas a large scanning interval necessitated a lower power. As the scanning speed
further increased, a lower power setting (4 W) became the optimal choice for obtaining

a larger CA. Among the 64 experimental groups, the maximum CA was 143 degrees.
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Figure 5. Wettability of microstructure surface induced by different laser parameters: (a) 10 mm/s,
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The effect of various laser parameters on wettability exhibited a complex and intri-
cate pattern, making it challenging to summarize into universally applicable theoretical
principles. Here, starting from the characteristics of laser-induced micro-groove structures,
the typical features and mechanisms of both hydrophilic and hydrophobic structures were
elucidated. On samples with micro-groove structures of a low aspect ratio, liquid droplets
tended to wet the bottom of the microstructures, with the CA being dominated by the
Wenzel model [27]. As shown in Figure 6, due to the excessively large spacing between the
microstructures, the surface was unable to effectively support the droplets. Consequently,
the droplets penetrated into the gaps between the microstructures under the influence of
gravity, resulting in a lower CA.

@ |

Height/pm
o — [\S) '8}

(=)
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0 1 1 1 1
0 50 100 150 200 250
X/pum

Figure 6. Surface morphology and water contact angle of hydrophilic sample: (a) droplet morphology,
(b) front view of surface morphology, (c) oblique view of surface morphology, and (d) 2D profile of
linear scan in (b).

All micro-groove structures with larger contact angles shared similar characteristics,
i.e., they possessed a higher aspect ratio and the surface was covered with a substantial
amount of melt particles resulting from ablation. Vasiliev et al. also arrived at a similar
conclusion, positing that the primary reason for the change in material wettability was
the redeposition of ablation products onto the material surface, which, in conjunction
with the groove structures, formed a micro-nano porous layer that enhanced the surface
hydrophobicity of the material [28]. As shown in Figure 7, the liquid droplets did not wet
all the gaps of such surface microstructures, but instead formed countless air pockets at
the solid-liquid interface, which hindered the droplets from infiltrating deeper into the
structure, resulting in a larger CA. These more fundamental discussions provide qualitative
theoretical guidance for enhancing the hydrophobic performance of femtosecond laser-
induced microstructures.

3.2. Selection of the Machine Learning Algorithm and the Prediction Results

To further achieve the quantitative optimization of femtosecond laser processing, it
was first necessary to establish a predictive model linking the process parameters to the
CA. A variety of potential machine learning algorithms were attempted, including support
vector regression (SVR), gradient boosting regression (GBR), XGBoost (XGB), random
forest (RF), multilayer perceptron (MLP), and logistic regression (LR). Figure 8a,b show the
R?, MAE, and standard deviation after 100 random partitions. Whether for the training
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set or the testing set, LR exhibited the smallest R? and the largest MAE, indicating the
poorest prediction accuracy. Although XGB, RF, and MLP achieved R? values exceeding
98% on the training set, their R? values on the testing set were all below 90%, indicating
a significant overfitting issue. In contrast, the R? of the SVR training and testing sets both
exceeded 90%, at 93.3 & 2.1% and 90.1 & 4.6%, respectively. The difference between the
two was only 3.2%, and there was no overfitting problem. Additionally, in terms of the
MAE, the SVR model had the best overall performance, with training and testing sets of
2.55 £ 0.89 degrees and 4.57 & 1.11 degrees, respectively. Therefore, the SVR algorithm
was chosen as the hydrophobic performance prediction model and used for subsequent
process optimization.

(b)

0 5I0 1 (I)O 1 SIO 2(')0 250
X/pm

Figure 7. Surface morphology and water contact angle of hydrophobic sample: (a) droplet morphol-

ogy, (b) front view of surface morphology, (c) oblique view of surface morphology, and (d) 2D profile

of linear scan in (b).
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Additionally, in order to investigate the influence of additional variables on the pre-
diction performance of the model, the dataset with or without the additional variables was
used to train and test the SVR models, respectively. Figure 8c,d show the training results
after 100 random partitions. The R? of the model based solely on pure process parameters
was lower than 80%, and the MAE was as high as over 7 degrees. In contrast, for the model
with the introduction of three additional variables, i.e., the number of effective pulses,
energy deposition rate, and roughness, the R? values all exceeded 90%, and the MAE did
not exceed 5 degrees. Moreover, the lack of any one-dimensional variable will lead to
a decline in the prediction accuracy. For example, when the number of effective pulses
was removed from the dataset, the R? of the training set and the testing set decreased to
87.2 £ 5.5% and 81.9 & 6%, respectively, while the MAE increased to 5.2 £ 2.8 degrees and
6.7 & 2.6 degrees. Generally speaking, machine learning models often take pure process
data as the input without considering any additional information, as was the case in our
previous work [24]. This approach transforms performance prediction and process design
into purely mathematical and statistical processes. Improving the model’s accuracy relies
on the expansion of the data volume. Here, the introduction of variables closely related to
the final target performance (CA) enriched the data available for training and enhanced the
model’s prediction accuracy. Therefore, it indirectly reduced the amount of data required
by the model and lowered the cost of optimizing femtosecond laser-induced superhy-
drophobic structures. Figure 9 shows the prediction results of the SVR model incorporating
all variables; all the predicted points are located near the straight line with a slope of
1, indicating that the deviation between the predicted values and the experimental values
was very small. Moreover, there are no singular points far away from the experimental
values, which demonstrates the stability of the model.
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Figure 9. Prediction results of CA for 100 different partitions by SVR: (a) training set of mean result,

(b) testing set of mean result, (c) training set of optimal result, and (d) testing set of optimal result.
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3.3. Femtosecond Laser Process Optimization by Coupling SVR Model and GA

The optimal SVR model was further combined with the GA to find the femtosecond
laser process parameters that can maximize the CA. The second-generation non-dominated
sorting genetic algorithm (NSGA II) was chosen because it has the capability of swiftly
determining the optimal process parameters [29,30]. After 1000 iterations, the optimal
process was selected for experimental validation. Figure 10 shows the CA distribution
of the optimal process relative to the original data, which exhibited a better hydrophobic
performance than all the processes in the original data, with the CA reaching 151 degrees.
The sample number was defined in the order of scanning speed-power—scanning interval.
Specifically, samples 1-16 had a uniform scanning speed of 10 mm/s, among which samples
1-4 had a power of 2 W, samples 5-8 had a power of 4 W, samples 9-12 had a power of
6 W, and samples 13-16 had a power of 8 W. When the scanning speed and power were the
same, the samples were sorted by increasing scanning interval, i.e., the scanning intervals
for samples 1-4 were 30, 40, 50, and 60 pm, respectively. Similarly, samples 17-64 were
arranged according to the aforementioned rules. A further comparison was made between
the design process and the optimal process in the original dataset, as shown in Figure 10b,
where there are significant differences between the two. In terms of laser process parameters,
the power decreased by 26%, while the scanning speed and scanning pitch increased by
21.6% and 13.3%, respectively. More importantly, the power, scanning speed, and scanning
spacing of the designed process were not integers or values from orthogonal experimental
points; specifically, they were 7.3 W, 37 mm/s, and 34 um. Limited by the experimental
volume and cycle, the design of experimental schemes is often restricted to specific values,
such as 7 W, 40 mm/s, and 30 um, without paying attention to more detailed parameters.
Therefore, it is difficult to obtain the optimal process through experimental exploration, as
it requires at least hundreds of groups of experiments.

<
< 4
(a) (b) @ ¢ Y% Optimal process in original data
160 § 30 | % Optimal process in design results
® &
Optimal process =
L N > = L b 4 * *
T o S 5 20 3%
O D, =)
5 ) I 53’6)\’ oo 0 o 10F  +2L6% +20.7% y21.7%
_g 120 @ 10 ) (ORG E +13.3%
e o ® 040 %bo S oF x  x  x  x % *+5'5%i
D) =]
U aq o0 8
b= 9. ) 2 ~26%
s ° 2
s 80 o s 20
S %
: ’ £ 0l *
o -
© 60t * Y 30
U § _40 L L 1 1 1 1 1
40 1 1 1 I I 1 1 ?@ﬂe‘ - < &&c}% ooé(\Qas% N Q\)r’eﬁ " o3 3 é\%\e
0 10 20 30 40 50 60 70 s@oﬁ\‘ P ® é;@c\‘ & W
Sample number w@& o

Figure 10. (a) Comparison of the CA of the original dataset and designed results; (b) comparison of
the optimal process in the original dataset and design results.

The surface microstructure fabricated by the optimal process was characterized, as
shown in Figure 11. After femtosecond laser processing, the surface exhibited an obvious
micro-groove structure, and a large number of nanoscale particles were attached to the sur-
face. Under this process, the energy deposition efficiency and the number of effective pulses
increased significantly, indicating that the actual energy received by the target material
increased. Therefore, the machined groove structure had larger dimensions. In particular,
the groove protrusions were more prominent, with a roughness of approximately 2.4 pum.
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When a liquid comes into contact with a solid, it does not always fully wet the rough
surface of the solid. A small amount of gas may be trapped inside the grooves, making it
difficult for the liquid droplets to penetrate the microstructures, and thus, the CA increases
significantly. Cassie and Baxter proposed that, during the solid-liquid wetting process,
the microstructures on the solid surface can trap gas, forming micro-airbags that act as
an isolation layer, preventing the liquid from fully wetting and spreading on the solid
surface [31]. However, this does not mean that the deeper the grooves and the wider the
protrusions, the better. According to the Cassie-Baxter model, when the contact area be-
tween a liquid droplet and a solid surface decreases, the liquid droplet will exhibit a higher
apparent contact angle on the surface, indicating a greater hydrophobicity. Therefore, the
groove spacing, depth, and protrusion size have a complex coupling influence mechanism
on the hydrophobic performance, which needs to be considered comprehensively. Machine
learning and the GA provide a feasible way to efficiently find the optimal parameter.

(a)

(d) as}

1.5F

Height/um

0.0 1 1 1 1
0 50 100 150 200 250
X/um

Figure 11. Surface morphology and water contact angle of micro-groove structures obtained by
optimal laser parameters: (a) droplet morphology, (b) front view of surface morphology, (c) oblique
view of surface morphology, and (d) 2D profile of linear scan in (b).

4. Conclusions

In this study, the influence of femtosecond laser process parameters on the micro-
groove structure and its hydrophobic performance is discussed in detail. Furthermore,
a femtosecond laser process optimization framework that couples machine learning and
the GA was proposed, and the optimal process with a larger CA than the original dataset
was obtained. The main conclusions are as follows:

(1) Femtosecond laser linear scanning produced regular micro-groove structures on the
TC4 surface. The power, scanning speed, and scanning spacing exhibited complex
coupling influence patterns on the geometric dimensions and roughness of these
structures. At high scanning speeds, a high power led to larger PV values and a greater
roughness on the surface, while the opposite pattern occurred at low scanning speeds.
The PV value and roughness of the micro-groove structures increased as the scanning
speed decreased.

(2) Based on the characteristics of laser-induced micro-groove structures, the shallow
layer mechanisms of hydrophilicity and hydrophobicity can be qualitatively summa-
rized. For micro-groove structures with a low aspect ratio, an excessively large spacing
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prevents the surface from effectively supporting the liquid droplets, which then pen-
etrate into the gaps of the micro-structures, resulting in a small CA. In contrast,
micro-grooves with a large aspect ratio couple with the nanoscale particles attached to
the surface to form a porous structure, which supports the liquid droplets and reduces
their contact with the surface, thus exhibiting an excellent hydrophobic performance.

(3) Prediction models for the relationship between femtosecond laser process parameters
and the contact angle were successfully established using various machine learn-
ing algorithms. The SVR algorithm exhibited the optimal prediction accuracy. For
the training set and the testing set, the R? and MAE were 90.1 + 4.6%, 3.3 4 2.1%,
2.55 £ 0.89 degrees, and 4.57 £ 1.11 degrees, respectively. Compared with using
only pure process parameters, the introduction of additional variables such as the
number of effective pulses, energy deposition rate, and roughness enriches the dataset
available for training, improves the model accuracy, and provides a solution for
constructing a reliable prediction model with a small sample size.

(4) The combination of the machine learning model and the GA efficiently achieved
the optimization of multi-dimensional laser processes, effectively improving the
hydrophobic performance. Compared with the optimal performance in the original
dataset, the CA of the designed process increased by 5.5%, reaching 151 degrees.
Moreover, the designed process was significantly different from the optimal process
in the original dataset, and the complex parameter combination made it difficult to
obtain this process scheme by experimental exploration. The framework combining
machine learning and the GA provides a feasible method for process optimization
in the complex problem of femtosecond laser-induced superhydrophobic structures,
and can be extended to other laser material processing fields.
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