10

11

Ice nucleation on silicone rubber surfaces differing in roughness
parameters and wettability: experimental investigation and machine

learning—based predictions

S. Keshavarzi'”, A. Entezari’, K. Maghsoudi!, G. Momen!, R. Jafari'

"Department of Applied Sciences, University of Québec in Chicoutimi, Chicoutimi,

Québec, Canada

? The Hong Kong Polytechnic University, Hong Kong

Corresponding author: Samaneh Keshavarzi,

Email address: samaneh.keshavarzil @ugac.ca



mailto:samaneh.keshavarzi1@uqac.ca

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

Abstract

Superhydrophobic surfaces serving as icephobic surfaces are a passive means of limiting
the icing of surfaces. Ice nucleation time depends on not only liquid properties and
environmental conditions but also surface features; however, it is challenging to investigate
ice nucleation time and the influencing parameters simultaneously. This manuscript
presents two approaches, experimental testing and machine learning, to study ice
nucleation time on exposed surfaces. Hydrophobic/superhydrophobic silicone rubber
surfaces were fabricated, and these surfaces varied in their wettability and roughness
parameters. Superhydrophobic surfaces characterized by a higher arithmetic average, root
mean squared, ten-point height, maximum height of the profile, and a Gaussian roughness
distribution—skewness near 0—had longer ice nucleation times. We then used neural
networks to model icephobicity in relation to ice nucleation time. The predicted ice
nucleation time of the model, trained using some of the experimental results, demonstrated
a good agreement with the experimental outcomes. Furthermore, this machine learning
approach determined the relative importance of roughness parameters, surface wettability,
temperature, and droplet volume in determining surface icephobicity. The proposed
approach provides a starting point for studying heterogeneous ice nucleation prediction
through an understanding of the key parameters required to optimize the icephobic

behavior of superhydrophobic surfaces.

Keywords: heterogeneous nucleation, ice nucleation time, surface roughness parameters,

machine learning, superhydrophobic surface, icephobicity
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1. Introduction
Ice formation on exposed surfaces is common in cold climates and can represent a health
and safety issue as well as affect the optimal performance of infrastructure, including
irreversible damage to equipment and marked economic costs [1,2]. Therefore, effective
measures are needed to remove accumulated ice or prevent its initial formation. These ice
removal strategies can be divided into active and passive approaches. Active approaches
involve applying external energy—involving chemical, mechanical, and thermal
methods—and are thus often time-consuming, uneconomic, and often environmentally
harmful. Passive approaches delay ice formation or reduce ice adhesion without external

energy being applied [3-5].

Much recent research has explored the use of superhydrophobic surfaces as icephobic
surfaces for delaying freezing time and reducing ice adhesion; these surfaces comprise low
surface energy materials and surface roughness. This passive anti-icing/deicing approach
is inspired by lotus leaves, and these surfaces are fabricated by creating
micro/nanostructures that contain low surface energy chemicals and trapped air within the
micro/nanostructures. A correlation between superhydrophobicity and both a reduction in
ice adhesion and a delay in ice accretion has been documented in several studies [6-9].
Superhydrophobic surfaces can prevent ice formation on a solid surface by decreasing both
contact time and contact area and increasing droplet roll-off. Some investigations,
however, have questioned the efficacy of superhydrophobic surfaces for icephobic

applications [10,11].

The freezing of a water droplet on a cold surface does not occur immediately upon contact.

For all ice formation mechanisms and scenarios, the ice nucleation process represents a
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fundamental and crucial step [12]. The ice nucleation process can be divided into
homogeneous nucleation and heterogeneous nucleation, which correspond respectively to
the absence or presence of external solid surfaces or particles during nucleation [13,14]. In
reality, eliminating the role of foreign solid particles (e.g., dust particles, interfaces of
nucleating systems) is almost impossible. Furthermore, there is a multitude of factors that
can work either in concert or in competition to alter the nucleation process; e.g.,
environmental conditions, surface characteristics (in the case of heterogeneous icing), the
amount of cooling, the degree of purity of the mother phase, droplet size, and the stochastic
nature of ice nucleation [15—17]. Hence, understanding the ice nucleation process and its
interaction with both surface and environmental characteristics is vital. Although finding a
relationship between these various affecting parameters and icephobicity is complex, it is
critical for predicting ice nucleation time for application to icephobic surface design and
optimization.

Rahimi et al. [18] compared the freezing delay of a water droplet on hydrophilic and
hydrophobic substrates having similar surface topographies and found longer freezing
delays for droplets on a slightly hydrophilic substrate; thus, ice formation kinetics depend
on surface chemistry, as well as surface wettability and topography. In their study of water
droplet freezing on hydrophilic, hydrophobic, and superhydrophobic surfaces, Qi et al. [9]
observed that the contact angle strongly influenced water droplet freezing time, i.e., a
longer freezing time as contact angle increased. Hao et al. [19] prepared five substrates
differing in topology and wettability and assessed the ice nucleation and complete freezing
time of sessile droplets on smooth, micro-structured, and micro/nanostructured surfaces.

Surface roughness significantly influenced ice nucleation time, and they determined that a
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smooth surface having a roughness less than that of a critical ice nuclei experiences a longer
freezing delay than a superhydrophobic surface with hierarchical structures. However, as
reported in [20], sessile droplet freezing on polished (hydrophilic) silicon wafers and
cylindrical micro-micro hierarchical (hydrophobic) silicon surfaces showed hierarchical
micro-microstructures to produce longer ice nucleation times than hydrophilic surfaces;
the hierarchical structure has a surface roughness greater than the critical radius of
homogeneous nucleation—according to nucleation theory, ice nuclei must reach a critical
radius for ice initiation and growth, a radius that varies with the degree of supercooling.
When surface temperature is held constant, differences in ice nucleation onset between
hierarchical and polished surfaces stem from differences in surface topologies and
determine the dominance of wetting characteristics on ice nucleation [20].

The effect of surface topography on ice nucleation is also unclear. Surface characteristics
and possible methods of modifying them to prevent or delay ice formation are critical to
understanding how surface conditions influence icing. Altering surface characteristics—
by modifying surface properties, surface energy, and roughness—affects surface
wettability and the energy barrier to nucleation and, hence, the nucleation rate [ 18]. Surface
roughness, as a measurement of surface texture, cannot be adequately described using a
single parameter such as root mean square roughness (Sq) or average surface roughness
(Sa). Rather, a set of surface roughness parameters, including ten-point height (S,),
maximum height of the profile (S;), skewness (Ssk), kurtosis (Sku), and autocorrelation
length (Sa1), must be used to accurately evaluate the surface roughness [21-23]. Multiple
studies have assessed the influence of roughness parameters on wettability and icing, with

some focusing on superhydrophobicity [24-27] and others on icing [28-31]. Bosher et al.
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[24] used the nano- and microscale roughness characterization of surfaces to show that
substrate surface skewness is the major parameter influencing the water contact angle for
identical nano-rough plasma-polymerized PDMS coatings. They concluded that a Gaussian
distribution of the roughness height is best for achieving a superhydrophobic surface. Yuan
et al. [25], using computer modeling, showed that decreasing skewness and holding
kurtosis at around 3 were effective for ensuring droplet bouncing. Yeong et al. [28]
investigated the effect of Sa, Ssk, Sku, and Sa on ice adhesion strength and reported that low
Sai values led to low ice adhesion, whereas Davis et al. [29] showed a correlation between
reduced ice adhesion and a combination of increased hydrophobicity, reduced roughness,

increased skewness and kurtosis, and reduced autocorrelation length.

Although surface roughness plays a crucial role in affecting surface wettability and,
consequently, the icing-related properties of a surface, there remains an absence of
comprehensive studies focused on the relationships between surface wettability, roughness
parameters, and ice nucleation time. Therefore, we chose to study five roughness
parameters to determine the relationship between roughness parameters, wettability, and
ice nucleation time. Nonetheless, analyzing these parameters together is challenging. To
illustrate and understand these relationships, we propose and apply a novel machine
learning—based model of ice nucleation time. We test five surfaces differing in roughness
parameters and wettability to determine the combination of parameters favoring a

maximum ice nucleation time.

Experiments in conventional multifactor systems can be conducted by varying one factor
at a time. This approach is time-consuming, and interactions among variables may also be

ignored, leading to a low efficiency of systems. Another major shortcoming of traditional
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approaches relates to highly complex and nonlinear systems that may govern the
parameters; it is difficult and sometimes even impossible to present these types of systems
using traditional models. Even when a traditional model capable of dealing with these
complex systems is developed, it may be impractical for use in prediction [32]. As a
possible solution, machine learning techniques have received much attention for their
application to complex systems and their capacity to deal with issues of nonlinearity.
Machine learning—based approaches can reduce operating costs and improve the speed of
data analysis. Machine learning can also identify complex relationships between
independent and dependent variables through nonlinear data processing [33—35]. Ringdahl
et al. [36] applied molecular dynamics simulations and machine learning to study ice
adhesion strength on rough surfaces. It was the first time machine learning was applied to
anti-icing surface design and showed encouraging predictions. Ramachandran [37]
developed machine learning models to optimize the icephobicity of concrete by using
artificial neural networks to predict surface ice adhesion strength and the coefficient of
restitution of water droplets bouncing off the surface under freezing conditions. Fitzner et
al. [38] developed a data-driven machine learning—based approach to identify descriptors
for heterogeneous ice nucleation as a means of increasing the quantitative understanding
of heterogeneous ice nucleation. However, despite these advances, no existing research has

reported using machine learning to predict ice nucleation time.

The main objective of our study is to determine the optimal surface characteristics to
enhance anti-icing properties of surfaces through analysis of the ice nucleation of water
droplets deposited onto solid hydrophobic to superhydrophobic surfaces. By analyzing the

freezing of water droplets on the solid surface, we also investigate how surface
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characteristics, including surface wettability, surface roughness (Sa, Sq, Sz St, and S«),
droplet volume, and surface temperature, affect the ice nucleation process. Exploring these
associated parameters represents a significant step for designing icephobic surfaces. We
exploit the machine learning approach to investigate multiple variables affecting the
icephobic behavior of surfaces, i.e., ice nucleation time, observe interactions between
parameters, identify the most important factors (surface wettability, surface roughness (Sa,
Sq, Sz, St, and Ssk), droplet volume, and surface temperature) affecting ice nucleation time,
and develop a prediction tool for ice nucleation time as a function of the influencing

parameters.

2. Material and Methods

2.1. Sample Preparation

The required surface micro-nanostructures were created on high-temperature vulcanized
(HTV) silicone surfaces via direct replication from a series of aluminum (A6061-T6)
templates. The template patterns were fabricated using a chemical-etching method. The
templates were immersed in a hydrochloric acid solution of varying concentrations: 4.8,
9.8, 14.8, 19.8 wt.% for 2 h to produce different surfaces [39]. A press machine (Carver,
USA) having a maximum clamp force capacity of 194 kN was used to replicate the
template patterns on the silicone rubber surfaces under the following molding parameters:
a molding pressure of 35 MPa, a curing time of 4.7 min, and a mold temperature of 149
°C. Once the rubber was cured, the molds were opened, and the cured rubber was removed
from the three-piece flat mold cavity (Fig. 1). No subsequent processing was carried out

on the silicone rubber surfaces prior to the freezing tests.
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Fig. 1. Schematic of the fabrication of micro-nanostructured silicone rubber surfaces via a
microcompression molding technique [40]

2.2. Surface Characterization

A Kruss™ DSA100 goniometer at 25 °C £ 0.5 °C determined the contact angle (CA) of a
4 uL deionized water droplet on the produced surfaces. In addition, to avoid condensation
affecting the measurements, anhydrous calcium sulfate desiccants (Indicating DRIERITE
impregnated with cobalt chloride) were used. Contact angle hysteresis (CAH) was
calculated as the difference between the advancing and receding CAs of the moving water
droplet on the surface. To ensure reproducibility and accuracy, we repeated each
measurement at five points across each surface. The surface roughness parameters and the
3D profiles of the surfaces were obtained using a confocal laser microscopy profiler
(Profil3D, Filmetrics, USA). Detailed measurement settings can be found in Table 1. To
obtain the surface roughness, Fill In Invalids and Flatten filters used for data pre-
processing. The morphology of fabricated surfaces was observed using a scanning electron

microscope (SEM, JSM-6480 LV by JEOL Japan).

Table 1. Surface measurement parameters.

Parameter Unit Value
Magnification - 50x

Area size pm? 386.3 x 339.3
Estimated vertical resolution nm 56

Lateral sampling intervals um 0.176

9
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2.3. Experimental Setup

We studied the ice nucleation of a single water droplet on hydrophobic/superhydrophobic
silicone rubber surfaces using an experimental freezing setup that included a thermally
insulating and optically transparent chamber, high-speed camera, thermostatic bath, cold
base, drop injection system, test samples, data acquisition system, temperature sensor,
humidity sensor, and a vibration-free table (Fig. 2). A thermally insulating and optically
transparent double-layer chamber was used to ensure that the parameters affecting ice
nucleation were uniform during experiments to increase the accuracy and reproducibility
of the experiments. Its transparency facilitates imaging of the freezing droplet. The
temperature of the cold base was adjusted using the thermostatic bath. Temperature and
humidity sensors monitored the chamber temperature and humidity. A high-speed camera
(MotionBLITZ, MIKROTRON, EoSens Cube 7, Germany) and LED illuminator were

used to visually record the experimental outcome.

Single droplet injection

Sa76|e access wiﬁ?ow

Substrate +—TI
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————
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High speed camera

10
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Fig. 2. Schematic of the experimental setup for the ice nucleation study (H = humidity of small
chamber (%), T1 = large chamber temperature (°C), T2 = small chamber temperature (°C), T3 =
cold base temperature (°C)).

Temperature and humidity of the surrounding environment and chamber were recorded
before the experimental tests. The temperature and the relative humidity of the chamber
were set at 20 °C and 35% + 3%, respectively. The cold base temperature was then
decreased to temperatures of —10 and —20 °C, and the silicone rubber sample was placed
on the cold plate. Once sample temperature was stable (prior to experimentation, the
temperature of the surface was measured with an IR camera and a thermocouple (K-type)
which was removed during the experiments), a droplet (either 10 or 20 pL) was placed
onto the cold surface with no frost formation, and its freezing process was recorded using
the high-speed camera. For each test, two steps in the freezing of droplets were identified.
The first step, defined as nucleation time, represented the moment from when the droplet
was placed onto the surface until the rapid recalescent stage. This stage can be easily
monitored using a high-speed camera at 1000 frames per second. This step was followed
by the complete freezing step. The reported nucleation times are the average of 10

experimental runs.

3. Results and Discussion

3.1. Surface Characterization

Table 2 shows the wettability properties of each sample along with the surface roughness
parameters, and Fig. 3 illustrates various surface structures using SEM images and 3D
profiles. Standard surface roughness parameters including S. (the average surface
roughness) and Sq (the root mean square roughness) are generally used to evaluate surface

roughness; however, these two values are unable to adequately describe the surface

11
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roughness, as they relate only to vertical height and provide no description of horizontal
surface features. Relying on only these two parameters can produce very similar roughness
values despite very different surface morphologies, and the reverse is also true [41]. To
determine those parameters best describing the icephobicity of silicone rubber surfaces, we
relied on a combination of commonly used roughness parameters (Sa and Sq) and some less
common parameters (S, (ten-point height), S; (maximum height of the profile), and S
(skewness)). Understanding more topographical characterization parameters can help in
design of icephobic surfaces to offer the optimum surface characteristics to enhance anti-
icing properties of surfaces can be considered as one of the highly important issues. In our
current study, the main shortcoming is the limited number of roughness parameters that we

used.

Sample 1 was a hydrophobic surface (CA ~116° and CAH ~46.5°) replicated from a
smooth aluminum template. Therefore, the hydrophobic property of Sample 1 stemmed
solely from the intrinsic hydrophobicity of the silicone rubber. The surface roughness of
the other prepared samples differed markedly from that of Sample 1 (Table 2); for example,
the root mean squared (Sq) of Samples 2, 3, 4, and 5 increased about 1.87, 3.77, 4.49, and
4.28x that of Sample 1. This combination of elevated surface roughness and surface
hydrophobicity of the silicone rubber produced the superhydrophobic properties observed
for samples 2-5. In addition to Sq, both S, and S; testify to the created surface profiles being
characterized by relatively high peaks and deep valleys. It is also noteworthy that the
skewness value (as an indicator of the asymmetry of the profile about the mean plane)

varied between —0.37 and 0.43.

12



249 Table 2. Water contact angle (CA), contact angle hysteresis (CAH), and 3D roughness values of

250 the produced surfaces at 25 °C + 0.5 °C and a relative humidity of about 25%
;i‘)mple CAC) CAH() Sa(um)  Sq(pm)  S,(um)  Se(um) S«
1 116.0+2 465+24 1.46 1.76 3.74 3.6 0.28
2 1545+1.4 28+1.6 2.13 3.29 14.21 18.4 0.31
3 1653+1.1 1.5+02 5.21 6.64 21.65 24.86 0.43
4 166.6+09 0.6+0.3  6.49 7.9 33.67 39.97 0.18
5 162.8+0.8 1.3+0.8 6.03 7.54 28.54 33.99 —0.37
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Fig. 3. The 3D surface profiles and SEM images of samples (a) 1, (b) 2, (¢) 3, (d) 4, and (e) 5

3.2. The Effect of Surface Wettability and Roughness

Ice nucleation, formation, and freezing delay can be affected markedly by surface
characteristics such as surface wettability, roughness, and surface chemistry [42—45].
Establishing the relationships between surface roughness and wettability and the ice
nucleation process represents a problem in the design of icephobic surfaces. To determine
these complex correlations among surfaces features and ice nucleation time, we
investigated the ice nucleation process of sessile droplets on cold surfaces of differing
wettability and roughness (Table 2). Fig. 4 shows the shape of water droplets at various
times during freezing on the five surfaces. It is also worth mentioning that the contact angle
measurement in Table 2 was at 25 °C £ 0.5 °C and RH = 25% while the figure 4 was at

—10 °C and RH = 35 %. Therefore, the contact angles of the droplets shown in Fig. 4 do

not match the contact angle information in Table 2. Calculated cooling time is also
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Surfaces Deposing onto surface Ice nucleation step Complete freezing
t=0s t=248s t=318s

Sample 1

Sample 2

t=0s 555 | =670

Sample 3

t=0s t=827s t=945s

Sample4

t=0s t=703s t=2825s

Sample 5

270 Fig. 4. Images of the freezing of a 10 puL droplet on different solid surfaces at —10 °C

271 Ice nucleation times for 10 puL droplets placed onto these five substrates at —10 °C varied
272 markedly (Fig. 5). Sample 1, the unaltered silicone rubber, had an ice nucleation time of
273 248 s, whereas this increased to 424 s for Sample 2 (CA ~154.5° and CAH ~28°) and to
274 827 s for Sample 4 when the CA and surface roughness were 166.6° and 7.9 pm,
275  respectively, and CAH decreased to 0.6°. The slight decrease in CA and roughness and an
276  increase in CAH of Sample 5, relative to Sample 4, produced a decrease in ice nucleation
277  time to 703 s. Similar trends were observed at different temperatures and droplet volumes

278  (Fig. 5). The roughest surface (Sample 4) offered the longest nucleation time, as more air
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was trapped in the interface between the rough surface and the water droplet. The trapped
air acts as a thermal insulator and reduces heat transfer between the droplet and the solid

substrate.

Classical nucleation theory [46,47] holds that two main parameters affect the critical

energy barrier of heterogeneous nucleation: AT,,, which relates to the degree of
supercooling, and f, the interfacial correlation factor (Eq. 1). The latter parameter is a
function of the roughness radius of curvature (R) and the CA between the ice nucleus and
the surface structure (6;,,).
AGyy, = 16mayy 97 F(RO4) . (1)
3fanwi(*/r,,)|

where Ahy,, Ty, oy, and 9, are the enthalpy of melting, melting point temperature, the

interfacial ice-water tension, and the molar volume of the solid phase, respectively.

When the radius of the curvature of a solid particle or surface texture is much greater than
the critical radius of homogeneous nucleation, f depends only on the ice-water contact
angle [48]. In this study the surface curvature effect of heterogeneous nucleation theory
was not considered. The experiments do not investigate the curvature effect and the results

can be interpreted without this effect.

827.63
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Fig. 5. Ice nucleation times for a 10 pL droplet on different surfaces as a function of CA and (a)
Sa, (b) Sq, (€) S, (d) S, and (e) Sgcat —10 °C

We observed a significant increase in ice nucleation time as CA increased and CAH
decreased because of the reduced contact area and presence of air pockets within the
surface microstructures. It means that wetting characteristics of our samples has a strong
effect on the ice nucleation time as the greater the CA, the longer freezing delay time. The
superhydrophobic surfaces had a smaller contact area between the water droplet and
substrate. A smaller contact area, therefore, can lead to a relatively low heterogeneous

nucleation rate from classical nucleation theory.

To illustrate how surface roughness affects ice nucleation time, we can plot ice nucleation
time and CA against five common surface roughness parameters (Sa, Sq, Sz, St, and Ss)
(Fig. 5). The clear relationship between the ice nucleation time and CA and both S, and Sq

18
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demonstrates that a marked microstructure height prevented the droplet from touching the
base of the microstructures. The same conclusion can also be drawn when evaluating the

relationship between ice nucleation time, CA and both S, and S:.

On the pristine silicone rubber surface, roughness parameters were S, = 1.46 pum, S =

1.76 um, S, = 3.74 um, and S; = 3.6 um. The parameters describing microstructure
height demonstrated a significant influence on surface wettability and ice nucleation time.
The increase in CA and ice nucleation time for the superhydrophobic surfaces (Samples 2—
5) can be explained by increased Sa, Sq, Sz, and S;. Furthermore, the three superhydrophobic
surfaces having a CAH <10° (samples 3—5) showed considerably higher S., Sq, Sz, and S¢
than those of the superhydrophobic silicone rubber having a CAH >10° (Sample 2). Greater
roughness increased the CA, in accordance with Cassie-Baxter wetting models, where

surface roughness directly influences the wetting state (samples 3-5).

As Sa, Sq, Sz, and S of these silicone rubber surfaces increased, a greater number of grooves
were apparent underneath the droplet. A droplet on a rough surface having larger Sa, Sq,
S,, and S¢ values would have a smaller liquid—solid contact area and, therefore, a longer ice
nucleation time. If Sa, Sq, S, and S; are not large enough, liquid can penetrate the grooves,

and the droplet remains in a Wenzel state where the ice—solid contact area is greater.

Surface skewness values were between —0.5 and 0.5 (Fig. 5); therefore, the height
distribution of all surfaces was highly symmetrical and minimally skewed. The optimal
performance in terms of a long ice nucleation time and high CA were obtained for a surface
with Sk close to zero. Regardless of whether there was a lower Sg, corresponding to more
valleys or a greater Sg, corresponding to more peaks, CA decreased. Therefore, surfaces

having a Gaussian distribution of roughness were more likely to be superhydrophobic and
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icephobic with longer freezing delay times. Sample 4 had the longest freezing delay time

(827.63 s) and a near-zero Ssk (0.18).

Therefore, the ice nucleation times correlated well with the roughness parameters. Very
rough surfaces dominated by peaks should show better water repellency (higher CA and
lower CAH) and greater icephobicity in terms of a longer ice nucleation time. Nonetheless,
it remained uncertain which specific roughness parameters were best correlated with
surface hydrophobicity/superhydrophobicity and icephobicity. We therefore used machine

learning to identify these parameters (Section 3.5).

3.3. The Effect of Surface Temperature

The measured ice nucleation times were plotted (Fig. 5) to investigate the relationship
between the ice nucleation time and surface temperature. According to average values of
ice nucleation time (Fig. 6), as surface temperature decreased from —10 to —20 °C, the
shortest ice nucleation time dropped from 248.69 to 80.38 s for a 10 pL water droplet
(observed on Sample 1) and the longest nucleation time dropped from 827.63 to 345.60 s
(observed on Sample 4). Classical nucleation theory best explains this tendency of shorter
ice nucleation times at lower temperatures. This theory posits that the critical energy barrier
of nucleation is inversely proportional with the square of supercooling (AT,,%) and
therefore decreases with an increase in the degree of supercooling (decrease in governing

temperature, T) (Eq. 1) [18].
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Fig. 6. Comparison of ice nucleation times of 10 uL. and 20 pL water droplets on the various
silicone rubber surfaces at =10 °C and —20 °C

3.4. The Effect of Droplet Size

The icing on surfaces characterized by different surface structures (from hydrophobic to
superhydrophobic) was then tested, focusing on the effect of droplet volume at two
temperatures. As droplet volume increased, ice nucleation time markedly decreased (Fig.
6). According to classical nucleation theory, ice nucleation is dominated by the most active
nucleation site above the critical radius. The probability of nucleation appears less likely
for smaller drops because of their smaller volume [48]. Zhang et al. [49] experimentally
and statistically analyzed the effect of droplet size and nucleation time on the nucleation
temperatures of water droplets (1, 5, and 10 pL) placed on a cold horizontal aluminum
plate. They observed that nucleation temperature decreased (and the standard deviation
increased) as droplet volume decreased. Moreover, larger droplets had a higher nucleation
rate with lower nucleation temperatures. Smaller droplets have a lower nucleation
temperature because there are fewer critical nuclei inside the droplet and at the solid—liquid

or gas—liquid interface than within a larger droplet.
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Furthermore, the possibility of freezing can be estimated using the nucleation rate of a
single embryo, a rate which is inversely proportional to the delay time of ice nucleation
and 1s based on the kinetic theory. The nucleation rate of ice embryos (I) can be estimated
using the equation of Becker and Doring that estimates the rate of ice nucleation per unit
time and surface area in relation to the free energy barrier of nucleation of critical embryo

[50-52]:

—AG*
1~10exp(kBT),
where / is the embryo formation rate, [y is the kinetic constant, kp is the Boltzmann

constant, and AG™ is the critical energy barrier according to Eq. 1 [53].

I = 1/(tnucleationA)a

where 4 is the contact area which is in relation to the volume V via the water contact angle
to air [54] :
1
(9mV?)3sin?0

A= 25
((2+cos 8)(—1+cos 6)2)3

This equation indicates that larger droplets produce shorter freezing delay times at a
constant nucleation rate, and our results validate this explanation. For example, at —10 °C
for Sample 1, the ice nucleation time was 248.69 s for a 10 uL water droplet, whereas ice
nucleation occurred at 210.72 s for a 20 pL droplet (Fig. 6). In contrast, the ice nucleation
times at —10 °C for 10 pL and 20 pL water droplets on the rougher surfaces (Samples 2—
5) were longer, and ice nucleation times for a 10 pL droplet was always greater than for a

20 uL droplet on the same surface (Fig. 6). A similar pattern was observed for droplets on
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the —20 °C surfaces. It should be noted that the magnitude of differences in ice nucleation
times at the different temperatures was much greater for the roughened samples than for

Sample 1.

3.5. Machine Learning

3.5.1. Model Development

The above investigations showed that a longer ice nucleation time on these silicone rubber
surfaces can be achieved by decreasing droplet volume, and increasing the surface
roughness parameters to also obtain a Gaussian height distribution. However, to measure
the correlation between these parameters, we tested the performance of machine learning
models. Machine learning can construct a nonlinear mapping of ice nucleation time and
the operating conditions (e.g., surface wettability, roughness, temperature, and droplet
volume), using limited experimental data (200 data points), to then predict ice nucleation

times and the corresponding operating conditions.

Machine learning models are often based on supervised learning, where models are trained
to predict true labels of a training data set and are then evaluated against a test set. There
are several traditional machine learning methods, including linear regression, artificial
neural networks (ANN), nearest neighbors, support vector machines, and random forest
(RF) models. Models of linear regression are intuitive, easy to understand, and can be
performed using linear algebra; this results in clear and concise mathematical formulas.
Nonetheless, linear regression may not be applicable to data sets having a high degree of
nonlinearity. Overfitting issues in linear regression models are generally not detected or
resolved by commercially available software. ANNs, on the other hand, do not produce
simple correlation formulas, although they do outperform linear regression models when
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dealing with nonlinearity within data sets. Unfortunately, overfitting problems can also
occur in ANN models . In addition, ANN performance decreases as the nonlinearity of the

model increases.

As a branch of deep learning, deep neural network (DNN) models are powerful tools used
primarily in computer vision, voice recognition, pattern recognition, and language
processing. As with other neural network approaches, DNN includes three primary
components in its core: input layer(s), hidden layer(s), and the output layer(s). ANNs and
DNNs differ primarily in their number and type of hidden layers, where each layer's output
becomes the input for the next layer [55]. Fig. 7 shows a DNN having three hidden layers.
In each hidden layer, there are several nodes and an activation function. Although different
activation functions can be used, one activation function is generally used for all neurons
within a layer (see Section 2 of the Supplemenatry material for more technical details). The
input layer consists of T (temperature), V (volume), CA, CAH, Sa, Sq, Sz, St, and Ss, with

ice nucleation time as the output.
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Fig. 7. An example of a deep neural network (DNN) with three hidden layers; temperature (T =
—10 and —20 °C), droplet volume (V = 10 and 20 pL ), contact angle (CA), contact angle
hysteresis (CAH), the root mean square roughness (Sg,), the average surface roughness (S. ), ten-
point height (S,), maximum height of the profile (S;), skewness (S«) (Table 2 data)

For creating and assessing the DNN models, the online Python code of Asghari et al. [56]
was used. The mean squared error (MSE) of the prediction for the output variable was

determined using Eq.5,

MSE = 3@~ y)* )

MSE must be smaller than the variance of the output variable for a valid prediction model.
Making predictions can be difficult when (1) the variance problem occurs, where a model
performs slightly better than the base model, and (2) the overfitting problem, which occurs
when a model performs well for the training set but poorly for other data sets (e.g., test or
cross-validation data sets). When there are sufficient hidden layers and nodes, it is possible
to create a model having no errors for a training data set, although the model will perform
poorly when applied to any other data set. A successful DNN model commonly has the
data set divided into three pieces at a 70:15:15 distribution. The middle set (called the
cross-validation set) compares the performance between the various candidate models. In
the end, the performance of the chosen optimal model is reported with respect to the final
data set (test set). The error and variance error must be small in a properly constructed

model.

In this study, the data set was sliced into three parts, with 70:15:15 portions for the training,
cross-validation, and test data sets, respectively. The bias error and variance error of a

model should be low. There are several hyperparameters that DNN requires to be
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implemented, such as types of layers, number of layers, number of nodes in each layer,
activation functions for each layer, cost function, an optimization algorithm, and a learning
rate. Selecting the values for some of these hyperparameters of DNN is not an exact
science; they are mainly determined by the modeler's experience. The hyperparameters of
DNN used in this study and their corresponding values are summarized in Table 3. A linear
activation function is considered for the final layer, as the aim of this study is to predict ice
nucleation time as a regression problem. For the first and hidden layers, Tanh and Relu
activation functions were utilized, respectively. For the cost functions, the MSE of the
predictions was used. The Adam optimizer was also applied for optimization, and
optimization stopped when the cost's variation (reduction) fell to less than 1% of the

variance of the output variables of the previous 50 steps.

Table 3. Hyperparameters of a DNN structure

Hyperparameters Status

Type of layers Fully connected layers

Input layer activation function tanh

Hidden layers activation function relu

Output layer activation function linear

Optimizer Adam

Cost function MSE (mean squared error)
Minimum delta and patience 0.01 02, 50

Epoch 500

Batch size 16

Slicing proportions 70:15:15

Number of hidden layers and nodes To be decided in the following steps
Weight regularization parameter and type To be decided in the following steps
Learning rate 0.0001 (the default value of KERAS)

Input variables in data sets vary in order of magnitude and range. As this can lower the

efficiency of the optimization, features were scaled to an interval of [0, 1] through Eq. 6:
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y(x;) = M (6)

max,—min,

3.5.2. Model Results

The training of machine models requires a massive amount of data. However, by carefully
designing the network architecture, training can function using small- to medium-sized
data sets. High-performance models can be generated by an efficient search of these
developed architectures. Moreover, by reducing the number of neurons in the network and
pruning connections within the network, this grow-and-prune can boost model
performance and reduce computational costs of the inference process [57]. The produced
correlation coefficients were strong (Table 4) and confirmed the use of DNN to assess and

predict ice nucleation time from various roughness parameters and wettability.

In the model development process, no overfitting was observed, as the error of the cross-
validation set and training set were quite similar. Because the model prediction error was
less than the output variables' variance, there was no variance problem. Moreover, there
was a good correlation between the predicted and actual values of the output variables (Fig.

8). In addition, the error percentage of prediction did not show any trends (Fig. 9).

Table 4. The developed model performance and the cost functions on training, cross-validation,
and test data sets, MSE (Mean of squared error), MAE (Mean of absolute error), and MAPE
(Mean of absolute percent error)

CorrCoef  R? MSE MAE MAPE
DNN-Ensemble-OnTrain 0.996628  0.993267 375.4751 14.42525  6.887508
DNN-Ensemble-OnCV 0.996795  0.9936 333.9455 13.51721  5.933723
DNN-Ensemble-OnTest 0.995501  0.991022  407.1518 16.49789  8.012416
DNN-Ensemble-OnCVTest  0.994723  0.989474  518.7683  18.77193  8.352949
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Fig. 9. Error of prediction (%) for the (a) training, (b) cross-validation, and c) test data sets.

As presented in Section 3.2, changes in surface roughness parameters increase the ice
nucleation time. To investigate correlation coefficients between variables, a cross
correlation matrix was used (see Section 3 of the Supplementary material for more
technical details). It remained uncertain from our experimental stage which roughness
parameters were most closely correlated with surface hydrophobicity and icephobicity. A
machine learning approach can address this issue, however, by analyzing the relative
importance of features. Although DNN models have been called black boxes, methods do
exist to better understand machine learning models, including DNN models. Game theory
was applied to machine learning models by Lunderberg and Lee [58], who proposed
SHapley Additive exPlanations (SHAP). Considering each input variable to be a player
and the prediction to be a game, they showed how each input variable played a part in every
prediction. Therefore, SHAP values reflect the relative importance of each input variable

to a DNN regression model.

When the average absolute SHAP value for all input variables was plotted, we observed
that T, S,, V, Si, CA, CAH, Ss, Sa, and Sq were the most important parameters affecting
ice nucleation time (Fig. 10). From classical nucleation theory (Eq. 1-3), the nucleation
rate relates to the degree of supercooling, droplet volume, roughness radius of curvature
(R), and the CA between the ice nucleus and the surface structure (0iw). Looking
specifically at the inverse relationship of the critical energy barrier of nucleation to the
square of supercooling, temperature dependence of droplet properties, and wetting
properties, we observed that the effect of temperature on ice nucleation rate dominated, as

confirmed by our machine learning approach. In terms of the effect of surface roughness
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and wetting state on ice nucleation, S, was predicted as the most important of the various
surface roughness parameters, whereas S, and Sq have generally been the only surface
roughness parameters considered to have an effect on ice nucleation [9,18,19]. Our findings
are promising, as for the first time, the impact of the physical parameters of a water droplet
(e.g., volume), environmental conditions (e.g., temperature), surface wettability (i.e., CA
and CAH), and several surface roughness parameters (i.e., Sa, Sq, St, Sz, and Ssk) on the

icephobicity of hydrophobic/superhydrophobic surfaces were compared and illustrated

simultaneously.
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Fig. 10. Importance analysis of the studied features; temperature (T), droplet volume (V), contact
angle (CA), contact angle hysteresis (CAH), the root mean square roughness (S,), the average
surface roughness (S.), ten-point height (S,), maximum height of the profile (S;), and skewness

(Ssk)

4. Conclusion
In this study, we successfully accomplished our two main objectives. First, we determined
the ability of hydrophobic/superhydrophobic silicone rubber surfaces to increase the ice

nucleation time. Five substrates having various roughness parameters and wettability were
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fabricated. We detailed the relationships between surface wettability, roughness
parameters, surface temperature, water droplet size, and ice nucleation time. As substrate
temperature decreased and droplet volume increased, the freezing delay was reduced for
all five surfaces. Thus, Sa, Sq, Sz, St, and Ssk parameters can be used to determine surface
texturing, where higher Sa, Sq, Sz, and S¢ values and a Sk value close to 0 (i.e., a Gaussian
distribution for roughness height) lead to superhydrophobic surfaces having a CAH <10°

and longer ice nucleation time.

The second objective was to accurately predict ice nucleation time. A new machine
learning—based approach was proposed and used to model ice nucleation time on the
prepared hydrophobic/superhydrophobic silicone rubber surfaces. Using a neural network
approach, we developed a model to reliably predict ice nucleation time. Moreover, to
understand the roughness parameter that best determines surface icephobicity, we
investigated the relative importance of a range of features (T, V, CA, CAH, S, Sq, Sz, St,
and Ss). T, S;, and V were the most important factors determining ice nucleation time.
This study demonstrated an increased ice nucleation time on superhydrophobic surfaces
and produced a promising machine learning—based approach for predicting ice nucleation

time on surfaces.
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