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ABSTRACT OF THE DISSERTATION
Binary and Multi-Component Droplet Evaporation:
Experimental and Data-Driven Techniques
by
Sahar Andalib
Doctor of Philosophy in Mechanical Engineering
University of California, Los Angeles, 2021

Professor Hossein Pirouz Kavehpour, Chair

Sessile droplet evaporation is an omnipresent phenomenon both in nature and tech-
nologies such as biodiagnostics, microfabrication, inkjet printing, spray cooling, and agri-
culture irrigation. Evolution of single component sessile droplets has been extensively
studied under various parameters. However, in real applications, sessile droplets usually
consist of two or more components. It has been shown that the environmental conditions
such as humidity and temperature substantially change the behavior of sessile droplets.
The strong tendency of organic fluids to absorb water is an important factor in evapora-
tion of these fluids in humid environment. The water vapor present in the surrounding
adsorbs/absorbs and possibly condenses into the droplet transforming the droplet into
a binary system. While the humidity of surrounding is typically an imposed condition
resulting in unwanted effects for many industries, we have proposed that these unde-
sired effects can be controlled and eliminated by tuning the temperature of the substrate.
We have studied the combined effect of relative humidity of surrounding and substrate
temperature on evaporation of methanol droplets. Our results demonstrated that the dif-
fusion of water into the droplet can be limited by changing temperature of the substrate
by both shortening the lifetime of droplet or increasing the temperature of the liquid-

gas interface above the due point. Additionally, we have developed machine learning,
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classification and regression, models to analyze the behavior of droplet under different
conditions. We have shown that the regime of droplet evaporation can be accurately clas-
sified by analyzing the profile of the evolution of droplet macroscopic parameters. We
have also demonstrated that the humidity of surrounding can be accurately estimated by
analysis of droplet profile. Furthermore, the time evolution of diameter and contact an-
gle are estimated by the regression model. As the number of components in the droplet
increases, the underlying mechanisms become more complex. The proposed approach
to analyze the dynamics of sessile droplet evaporation through data-driven techniques
opens up ways to better understand the complicated physics behind multi-component
droplet evaporation and in general intricate interfacial fluid mechanics problems. The
combined effect of surrounding humidity and substrate temperature has been experi-
mentally studied on the behavior of ternary droplet consisting of methanol, anise oil,
and water. The simultaneous optical microscopy and infrared thermography revealed
different mechanisms in the droplet such as hydrothermal waves, oil microdroplet nu-
cleation, etc. Our results showed three stages in the evolution of hydrothermal waves
during droplet lifetime. The experimental procedures and results in this work introduce
easy and inexpensive method to control sessile droplet behavior which are crucial for the

final product resolution in numerous applications.
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Chapter 1

Introduction

1.1 Sessile Droplet Evaporation

Sessile droplet forms when a drop of liquid is deposited on a solid surface. The gravi-
tational forces can be neglected if the size of droplet is smaller than the capillary length
(Le = \/0/pg), where 0, p, and g are surface tension of liquid-gas interface, density of
liquid, and gravitational acceleration, respectively. The liquid molecules diffuse into sur-
rounding gas and the droplet vanishes eventually. The behavior of sessile droplet during
evaporation can be described by a couple of parameters such as the base diameter of
droplet, volume, and contact angle. Contact angle is the angle that forms at the three
phase contact line where all three solid, liquid, and gas meet. This angle is measured

from the liquid side in the droplet (see Figure[I.T).

1.2 Application and Motivation

Sessile droplet evaporation is an amnipresent phenomenon both in nature and numerous
industries such as biodiagnostics, inkjet printing, microfabrication, spray cooling, and

agricultural irrigation [63| 10, 62, 5, 22, 47, 60, 85, 83} |88, 58, 41, 93| |34]. Understanding
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FIGURE 1.1: a) Sessile droplet of water on PDMS coated glass substrate; b)
schematic of droplet and its relevant parameters.
the mechanisms of evaporation and the effect of different parameters are of great impor-
tance to control the behavior of droplet and tune the unwanted influence of environment.
This is a crucial step to achieve better resolution and quality of the products involving

evaporative menisci.

1.2.1 Droplet-Based Biodiagnostics

Droplet-based biosensors are being used extensively to detect different target disease.
Trantum et al. [93] and Gulkta et al. [34] have used fluorescence microscopy and biomark-
ers to detect malaria in droplets containing the target molecules. Hurth et al. [41] sug-
gested a low-cost fast biosensing mechanism by employing the biological bonding force
between biotin and streptavidin. They observed different morphology of the stains af-
ter droplet evaporation in the presence and absence of biotin. They also performed mi-
crochannel experiments to estimate the biological bonding force between biotin and strep-

tavidin (see Figure [1.2).
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FIGURE 1.2: a) Succesive microscopic images of droplet evaporation in the
absence of biotin; b) successive images of droplet evaporation in the
presence of biotin; ¢) microchannel schematic; d) schematic of flow with
particles inside microchannel; e) schematic of droplet evaporation in the
presence and absence of biotin biomarker. Adapted from Hurth et al. [41]



1.2.2 Inkjet Printing

Inkjet printing consists of individual droplets of ink deposited on the surface. The final
resolution of the printing process is highly dependant on how evenly the ink particles
are distributed after evaporation of the solvent. The environmental conditions such as
humidity and temperature highly influence the behavior of ink droplets. For example,
at higher humidity of surrounding, the lifetime of droplet is noticeably prolonged which
makes the drying process very long. The surface tension gradient along the interface
strongly affects the distribution of ink particles. In order to achieve high resolution prints,

the surface tension gradients need to tuned.

1.3 Single-Component Droplet Evaporation

Anytime we spill coffee or any other beverage, the stains after evaporation of the drops
look darker at the edge. This color difference between the periphery and center of the
stains are caused by a well-known mechanism called coffee ring effect. Sessile droplet
evaporation has gained increasing attention from scientific community for about twenty-
five years now by the original work of Deegan et al. [24]. In this work they showed that
the evaporation flux is not distributed evenly along the liquid-gas interface and increases
the radial distance increase. In fact, the maximum evaporation occurs at the contact line
of droplet which derives a radially outward flow inside droplet. This outward flow brings
more liquid and potential particle to the contact line to replenish the evaporated liquid.
Figure [I.3]a illustrates the acting forces on droplet at the contact line. The red arrows
represent the interfacial forces and the green force shows the surface friction force. The
sum of interfacial forces tend to contract the droplet while the surface friction force re-

sists the contraction. Therefore, how droplet evolves depends on the magnitude of these



forces. Figure[[.3b and ¢ demonstrate the schematics of droplet evolution for two scenar-
ios. If surface tension (interfacial) force is much larger than the surface friction force, the
contact line will recede and contact angle remains relatively constant[I.3}b. On the other
hand, if surface friction force is much larger than surface tension force, the contact line
is pinned and the volume loss due to evaporation is only noticed by reduction in contact
angle. As contact angle decreases, the horizontal component of surface tension increases
due to increase in cos(6). Figure [1.4/shows a water droplet evaporation on a glass slide.
As seen, during the pinned region diameter remains relatively constant and contact angle
and volume decrease. Once the contact angle reaches a threshold where surface tension
force overcomes the surface friction force, droplet experiences a sudden contraction in its
diameter. The droplet stays pinned again until the next contraction occurs. This is called
stick-slip evaporation mode which is mainly observed for water droplets.

Various parameters influence the behavior of droplet during evaporation. It is ob-
served that increasing the substrate temperature reduces surface tension which in turn
enhances droplet pinning. It is also shown that adding surfactant reduces surface ten-
sion of water droplets and enhances pinning of droplet during evaporation [77]]. Sefiane
and Tadrist observed that reducing the surrounding pressure results in sudden contrac-
tion of water droplets while under atmospheric pressure the droplet undergoes smooth
transition [74]. The effect of substrate thermal conductivity has also been investigated
on evaporation of pure liquid droplets. Ristenpart et al. [69] concluded that the ratio
of thermal conductivity of substrate and liquid determines the direction of temperature
gradient along the interface and hence changes the resulting Marangoni flow. David et
al. [21] reported that the difference in evaporation rate between substrates with different

thermal conductivity is more pronounced for lower pressure of surrounding.
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FIGURE 1.3: a) Forces on droplet at the contact line; b) schematic of droplet
evolution in moving contact line phase; c) schematic of droplet evolution in
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FIGURE 1.4: Evaporation of water droplet on glass slide: a) evolution of
diameter, D, volume, V,and contact angle, 8, over time, t; b) successive
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1.4 Binary Droplet Evaporation

Although the effect of various parameters are extensively studied in pure liquid droplet
with a single component, the physics become more complex when there are more than
one component inside droplet. An example for a binary droplet could develop when
methanol droplet is initially deposited on a solid substrate in a humid surrounding.
Due to hygroscopic property of methanol, water vapor present in surrounding gets ab-
sorbed/adsorbed into droplet. If the substrate temperature is set to values below room
temperature and also due to evaporative cooling effect, the water vapor will also con-
dense on the droplet. In the described scenario, droplet evaporation starts as a single-
component, but transforms into a binary droplet as the second components is up taken
to the droplet. In some cases, there are more than two components in the droplet. For
example, anise oil dissolves in methanol, but it does not dissolve in water. If a droplet
of methanol and anise oil is deposited on a substrate and let evaporate in a humid en-
vironment, the water vapor will get absorbed /adsorbed and possibly condensed in the

droplet. This results in a ternary droplet which consists of three components.



Evaporation of binary mixture droplet has been investigated by Sefiane et al. [75]
for ethanol-water droplet. They showed that the initial contact angle of mixture droplet
decreases as the concentration of ethanol increases compared to water. They also reported
three different stages in evaporation of binary droplet. The first stage corresponded to
evaporation of a more volatile component, i.e., methanol, and the third stage attributes
to the evaporation of a less volatile component, which is water. The middle stage was a
transition stage during which the contact angle experienced a rise.

The effect of relative humidity of surrounding has been studied in a comprehensive
study by Chen et al. [18] where they combined three techniques of optical microscopy,
infrared thermography and acoustic echography. They showed that the humidity level
of surrounding has noticeable effect on behavior of ethanol droplet while it has no effect
on butanol droplet due to the hygroscopic property of ethanol. Fukatani et al. [32] fo-
cused on the early stage of ethanol droplet evaporation by controlling both environment
humidity and temperature. In another study, Kita et al. [50] investigated ethanol droplet
evaporation under controlled humidity and temperature of surrounding by gas injection
chromatography. They developed an empirical model to predict the volume of droplet
over time.

Humidity of the environment is often an imposed condition that introduces some un-
wanted effects into the system. For example, longer evaporation times adversely effect
the speed of biosensing mechanisms. Also, a droplet that takes for ever to evaporate is
not desired for microfabrication or printing purposes. In the last two studies mentioned
above, they tried to control and eliminate the unwanted effect of humidity by changing
the temperature of surrounding. This approach requires the whole system to be inside an
environmental chamber. It is evident that using an environmental chamber for real world

applications is not feasible due to higher cost of these chambers as well as their size.



Sometimes it is not possible to fit the huge industrial equipment inside an environmental
chamber.

In chapter 2 of this dissertation, we have proposed a low-cost and simple approach
to control the unwanted humidity effect of surrounding by tuning the substrate tem-
perature. Changing the temperature of the substrate is a straightforward and low-cost
method. We investigated behavior of methanol droplet under three relative humidity of
surrounding and three substrate temperature. It was observed that changing the humid-
ity does not affect the initial evaporation rate of droplet. We have also proposed a regime
map, which is a function of surrounding humidity and substrate temperature, based on

behavior of droplet during evaporation.

1.5 Data-Driven and Machine Learning Techniques
in Droplet Evaporation

Data-driven and machine learning techniques are used as powerful tools in analyzing a
wide range of fluid mechanics problems [12, 13] such as turbulence [29, 84, 28, 31, 30],
phase transition [44], ignition [64], vortex vibrations [66, 94], and aerodynamics distur-
bances [39]. Image processing and pattern recognition techniques have been employed
to analyze the remaining stains after evaporation of sessile droplets. Analysis of patterns
in dried drops of biological fluids revealed a lot of information for medical diagnostics
[95, 48| 80, 15, 37]]. Two different studies [49, [33] showed that the chemistry of fluid and
substrate can be identified by recognition of patterns in the stains. The aforementioned
studies utilize machine learning techniques to indirectly measure and detect the mech-
anisms inside droplet from the footprint after evaporation. Here, we introduce a data-

driven approach to directly analyze the dynamics of binary droplet evaporation (induced
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by transfer of a second component present in the atmosphere).

In chapters three and four of this dissertation, we have used machine learning, classi-
fication and regression, algorithms to analyze the evaporation of methanol droplet under
controlled relative humidity of surrounding and substrate temperature. The relative hu-
midity of the surrounding is estimated by both classification and regression algorithms.
The regime of droplet evaporation is estimated through classification models. We have
used Naive Bayes and decision tree classifiers. It was observed that decision tree out-
performs Naive Bayes and benefits from additional features. The diameter and contact
angle evolution over time are estimated with polynomial regressors (linear to fourth or-
der) and regression tree. Although higher order polynomials showed improved accuracy
for testing set, their performance deteriorated for the validation and estimation sets due

to overfitting the data.

1.6 Ternary Droplet Evaporation

As the number of droplet components increase, the underlying physics of evaporation
becomes more complicated. It was not until recently that the study of Tan et al. [92] on
evaporation of Ouzo droplet shed some light on the complex mechanisms underlying a
ternary droplet. They reported as ethanol evaporates faster than water, the solubility of
the mixture for anise oil reduces. By increase in concentration of water, oil microdroplets
nucleate in the droplet and create a white opaque mixture. By coalescence of oil micro-
droplets, an oil ring forms at the periphery of droplet.

In chapter five of this dissertation, we have examined the behavior of a ternary droplet,
i.e., methanol-water-anise oil, under controlled environmental humidity and substrate

temperature. We have used simultaneous infrared thermography and optical microscopy
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to analyze the time evolution of droplet parameters such as diameter, volume, and contact
angle, as well as hydrothermal waves. We observed that the humidity of surrounding has
noticeable influence on internal flows of droplet. Tuning the substrate temperature was
observed to eliminate the unwanted effects of surrounding humidity by both changing

the droplet lifetime and the temperature of the liquid-gas interface.
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2.1 Abstract

Understanding and manipulating the mechanisms involved in evaporation of organic
solvent droplet in humid environment are of great importance for numerous industrial

and biological applications. The combined effect of substrate temperature and relative
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humidity of the environment on evaporation of pure methanol droplets has been experi-
mentally investigated. A drop shape analyzer was used to record the evolution of contact
angle, base diameter, and volume of droplet. At low relative humidity, droplet experi-
ences three stages of evaporation: constant, slightly increasing, and sharply decreasing
contact angle. Substrate temperature has no effect on the qualitative behavior of droplet
at low relative humidity. At high relative humidity, droplet evolution is influenced by
substrate temperature. At relatively high substrate temperature, droplet undergoes two
stages of evaporation where contact angle increases to a maximum then decreases until
the end of evaporation. At low substrate temperature, the droplet experiences a single
stage where it reaches an equilibrium state with finite volume, diameter, and contact an-
gle. In humid environment, water vapor gets adsorbed-absorbed and/or condensed on
the droplet. Decreasing substrate temperature causes the temperature at the liquid-gas
interface to fall below the dew point which enhances the water condensation. Evapora-
tion rate diminishes as the relative humidity rises and its effect is more pronounced for
lower substrate temperature. Relative humidity of the surrounding seems to have a neg-
ligible effect on the initial evaporation rate which is mainly attributed to evaporation of
methanol. A regime map is proposed based on different evolution of droplet under differ-
ent condition of environment as well as substrate temperature. A semi-empirical model
is used to predict the evolution of droplet volume over time. In all nine conditions, evap-

oration rate is underestimated by the model due to neglecting free convection.

2.2 Introduction

Evaporation of a liquid droplet on a solid surface is a ubiquitous phenomenon in nature

as well as industries such as ink-jet printing [60, 47, 23], cooling systems [90, 83| [88],
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bio-diagnostics [41, 93, 34], DNA mapping [45, [19, 27], agricultural irrigation [58, 43],
and crop dusting [6]. Droplet evaporation is influenced by various factors such as the
liquid /substrate properties [57, |77, |7, 21} 63| 10} 73, 87] as well as environmental con-
ditions [76, 8, 61}, 32, 50]. However the combined effect of liquid/substrate properties
and surrounding condition has rarely been explored. The quality and resolution of coat-
ing techniques and ink-jet printing are highly affected by the evaporative behavior of the
liquid phase. A profound study of the underlying mechanisms of droplet evaporation un-
der different parameters provides necessary information to suitably design and precisely
control systems involving droplet evaporation.

Mollaret et al. [57] studied evaporation of sessile water droplet on two different heated
substrates, namely aluminum and polytetrafluoroethylene (PTFE) . Their results showed
that on aluminum substrate for high temperatures the droplet stayed pinned during its
lifetime and the volume decreased linearly. However at low temperatures on aluminum
substrate, the volume deviated from linear trend toward the end of drop lifetime as the
contact line receded. Unlike aluminum, very little effect of temperature on evaporation
process for PTFE substrate was observed. Different contact angle evolution was also ob-
served on two substrates. On aluminum substrate, contact angle decreased during pinned
stage followed by a slight increase as de-pinning and then stayed constant until a sharp
decrease toward the end of droplet lifetime. On the other hand, the transition in contact
angle between pinned and de-pinned behavior was smooth on PTFE substrate. Sefiane
[77] investigated the combined effect of surfactant concentration and substrate temper-
ature on water droplet evaporation. While the effect of temperature was in agreement
with the results of Mollaret et al. [57], adding surfactant caused the drop base to increase
before reaching steady constant base regime. Furthermore, increasing surfactant concen-

tration was found to delay the de-pinning phenomenon. In another study Sefiane and
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Tadrist [74] examined the de-pinning phenomenon through three parameters: controlled
environment pressure, substrate temperature, and surfactant concentration. Their results
demonstrated abrupt contraction of the contact line under reduced pressures while un-
der atmospheric pressure the de-pinning occurred smoothly. Evaporation rate was clearly
enhanced by reduction in pressure. A critical temperature was found beyond which de-
pinning did not happen and the droplet stayed pinned during the entire lifetime. The
effect of surfactant was similar to Sefiane [77]. Even though studying single component
droplet evaporation is crucial to the understanding of the mechanisms involved, multi-
component droplets exist in many industrial applications such as binary refrigerants in
cooling technologies.

Sefiane et al. [75] experimentally studied evaporation of water-ethanol mixture droplets.
They found that behavior of binary mixture droplets differed from that of pure sub-
stances. Three distinct stages of evaporation were observed for binary mixtures. The
tirst stage corresponded to the behavior of the more volatile liquid. The second stage
was the transition stage and the third stage correlated with evolution of the less volatile
component. The contact angle of the mixture sharply decreased during the first stage fol-
lowed by a rise to a maximum value until it finally decreased toward the end of droplet
lifetime. They also showed that the initial contact angle of the mixture was between the
initial contact angle of pure substances (i.e. water and ethanol) and it dropped by increas-
ing the ethanol concentration. Sefiane et al. [78] extended the study on binary mixtures
by controlling the environmental conditions. Evolution of different concentrations of wa-
ter/methanol mixture droplets were reported and analyzed under nitrogen and water
saturated environments. The droplet reached an equilibrium state in the saturated en-

vironment while under nitrogen surrounding it experienced four stages of evaporation.
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The maximum contact angle observed under nitrogen environment decreased by increas-
ing the initial methanol concentration which suggested the hypothesis that methanol does
not entirely evaporate at the first stage. However, initial contact angle for saturated and
unsaturated surroundings was the same showing that the presence of saturated environ-
ment only affects the evaporation process not the wettability of the droplet. It should
be noted that the saturated environment in this study was created by placing a water
reservoir in the testing chamber and relative humidity was not measured quantitatively.
In a similar work Liu et al. [55] performed a comprehensive study on evaporation of
water/ethanol droplet with different mixing ratios under the environments with vari-
ous relative humidity and ethanol vapor pressure. They also observed an increase in
contact angle for binary droplets at any relative humidity. Nevertheless, the fast growth
in contact angle suggested the possibility of water condensation on the drop. The bi-
nary droplet volume experienced a rise when evaporating in high ethanol vapor pressure
environment. The increase in volume and faster reduction in contact angle at higher
ethanol vapor pressure suggested that ethanol condenses onto the droplet. The results
also demonstrated an acceleration in evaporation of water droplets in higher vapor pres-
sure of ethanol present in the atmosphere. [18] used three different techniques of optical
visualization, infrared thermography, and acoustic high-frequency echography to study
the evaporation of butanol, ethanol, water/butanol, and water/ethanol droplets. No ef-
fect of relative humidity was observed on evaporation of pure butanol droplet. Homo-
geneous infrared images and constant acoustic reflection coefficient confirmed the un-
changed concentration of butanol in the drop during evaporation. This is due to the low
hygroscopic power of butanol. On the other hand, high hygroscopic power of ethanol re-
sulted in noticeable effect of relative humidity on the evolution of pure ethanol droplets.

At high relative humidity plot of V2/3 could obviously be divided into two stages with

16



different slopes corresponding to evaporation of ethanol and that of water. Heterege-
neous thermal patterns alongside evolution of acoustic reflection coefficient proved that
ethanol droplet undergoes continuous water loading. Studies of butanol/water binary
droplet revealed that butanol evaporated at the first stage and its exhaustion time es-
timated by acoustic method was in agreement with optical and infrared observations.
However for ethanol/water binary droplet the exhaustion time calculated from visual
and infrared techniques was considerably shorter than acoustic measurements. This sug-
gested the presence of ethanol residuals at the bottom of the droplet and in-liquid dif-
tusion controlled evaporation process toward the end of droplet lifetime. Furthermore,
Innocenzi et al. [42] examined evaporation of ethanol and ethanol/water mixtures by
time-resolved infrared spectroscopy. They reported adsorption of water by the droplet
during the first stage of evaporation followed by three stages where both ethanol and
water evaporate. Their observations illustrated that the evaporation of ethanol followed
a monotonic trend and was not influenced by complicated water behavior.

The effect of horizontal air velocity on evaporation of methanol droplets was looked
into by Bin et al. [8]]. They illustrated that the larger the air velocity the higher the evapo-
ration rate. Evaporation process consisted of three stages: constant contact angle, constant
base diameter, and transition stage. They reported that the largest evaporation rate was
related to the constant contact angle regime and the least evaporation rate corresponded
to the constant diameter one. The rate of evaporation for transition regime was between
the two values. Recently, Fukatani et al. [32] and Kita et al. [50] studied the combined ef-
fect of environmental conditions, namely ambient temperature and relative humidity on
the evolution of ethanol droplet. Fukatani et al. [32] focused on the first stage of evapora-
tion, i.e. pinned contact line. Their results indicated that self-generated thermal patterns

were enhanced by increasing ambient temperature, but relative humidity seemed to have
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a reverse effect. At a higher temperature, greater evaporative cooling led to greater tem-
perature difference between the apex and the edge of the drop which was the driving
force for hydrothermal waves. On the contrary, at higher relative humidity the heat of
adsorption-absorption and/or condensation of water onto ethanol drops made the tem-
perature along the interface more uniform. However, it should be noted that at higher
relative humidity of the surrounding the water intake into the droplet starts from the
early stages of evaporation. Considering that both concentration and distribution of wa-
ter within the drop are unknown, analysis of the IR images becomes very complicated
due to large difference in emissivity of ethanol and water. Kita et al. [50] used gas injec-
tion chromatography (GIC) with drop profile analysis to directly measure the amount of
evaporated ethanol and loaded water. Results from gas chromatography exhibited a drop
in ethanol concentration over time. Reduction in ethanol concentration was attributed to
both its own evaporation as well as water intake on the drop. They concluded that at low
relative humidity the main mechanism for water intake was that of adsorption-absorption
though at high relative humidity water condensation play a more dominant role. Addi-
tionally, they proposed a combined evaporation-adsorption/absorption and/or conden-
sation empirical correlation which took into account the change of ethanol concentration
over time, relative humidity dependent diffusion coefficient, and water intake on the the
drop.

Although numerous studies investigated the effect of liquid/substrate properties or
environmental condition, none of these research works examined the coupled effect of
the two categories mentioned. While in practical applications the environmental condi-
tions are either imposed or expensive to control, manipulating the evaporation process
by tuning the substrate properties would be an easier approach to compensate the envi-

ronmental effects. The current work experimentally investigates the combined effect of
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environmental factor (i.e. relative humidity) and substrate temperature on evaporation
of methanol droplet. The experiments were performed in a chamber with controlled rel-
ative humidity. Droplet evolution was described and analyzed through its characteristic

parameters such as volume, base diameter, and contact angle.

2.3 Experimental Techniques

Experiments are carried out in a temperature and humidity controlled chamber (with a
dimension of 127 x 127 x 76 mm?) of drop shape analyzer (DSA 100) from KRUSS (Figure
B.2). The relative humidity (RH) and ambient temperature (T,pyp,) in the chamber were
controlled between 20% and 80% and at 25°C. The bottom side of the chamber was
equipped with a Peltier plate with temperature control. The tested substrate temperature
(Tsubstrate) Was between 15 °C and 35 °C. The needle was fitted in the chamber through a
small hole at the top side. The DSA 100 equipment was placed on an optical anti-vibration
table to eliminate environmental disturbances.

Methanol was purchased from Fisher Scientific with purity of 99.8%. The glass sub-
strates were coated with a very thin PDMS (polydimethylsiloxane) layer to achieve spher-
ical and reproducible droplets with measurable contact angles. The temperature and rela-
tive humidity of the chamber as well as substrate temperature were set to desired values.
Enough time was allowed for the chamber and substrate to achieve quasi-steady state.
Drops of methanol with specified volume were deposited on the coated substrate and
let evaporate under the set conditions. Evolution of the drop was recorded by DSA 100
camera at 50 frames per second. Post-processing was done with DSA Advanced software
to study the time evolution of droplet contact angle (), base diameter (D), and volume

(V). Elliptical fitting was used to compute the volume and contact angle of the droplet
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FIGURE 2.1: Droplet Shape Analyzer (DSA100) from Kriiss with (1)
environmental chamber; (2) controlled-volume dosing system; (3) viewing
and illumination windows; (4) controlled temperature substrate (Peltier
plate); and (5) adjustable x-y-z stage
due to the observed differences in right and left contact angle. In order to confirm that
methanol did not interact with the coating on the substrate, multiple droplets were re-
peatedly deposited at the same location. No change was observed in their initial contact
angle or evolution during evaporation. The deposited droplet volumes were all smaller
than 10 u! in order to keep the droplet size lower than the capillary length. The corre-
sponding volume to the capillary length for methanol is around 45 pl.All experiments
were repeated five times to ensure reproducible data. Base diameter (D) and volume (V)

are normalized by their initial valuesi.e. D* = D/Djy and V* = V / V), while the time ¢ is

nondimensionalized by final evaporation time of the droplet t* = t/t;.
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2.4 Results and Discussion

2.4.1 Droplet evolution

In what follows the experimental data on the evaporative behavior of methanol droplet
on PDMS coated glass substrate is presented under different relative humidity (RH) and
substrate temperature (Tqypstrate). Figure ?? illustrates the time evolution of contact angle
(8), non-dimensional base diameter (D*), and dimensionless volume (V*) for Tyypstrate =
15°C, 25°C, and 35 °C and RH = 20%, 50%, and 80%. Plots are reported in dimensionless
form to enable easier analysis of droplet behavior.

At low relative humidity (RH = 20%), evaporation methanol droplet is divided into
three stages. At the first stage, contact angle stays relatively constant. This stage covers
tha majority of droplet lifetime. During the second stage, the contact angle rises slightly.
The third stage is where the contact angle sharply drops until the droplet disappears.
Volume and base diameter continuously decrease during all three stages of evapora-
tion. The regime of constant contact angle followed by a modest rise is also reported
for pure ethanol droplets evaporating at room temperature and relative humidity of 20%
[18]. Sefiane et al [78] theoretically explained that the rise in contact angle for methanol
droplets can be a consequence of high evaporation rates at the triple line and its receding
speed. Different values of substrate temperature have no obvious effect on the evolu-
tion of droplet qualitatively. Higher substrate temperature accelerates evaporation of the
droplet (which is not illustrated in Figure ??), however the dimensionless behavior re-
mains the same.

Under relative humidity of 50% and substrate temperature between 15°C and 35°C
as well as relative humidity of 80% and substrate temperature of 25°C and 35°C, the

droplet undergoes two stages of evaporation. At the first stage, the contact angle increases
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FIGURE 2.2: Time evolution of contact angle (), base diameter (), and volume

() for relative humidity of 20% (a,b,c); 50% (d,e,f); 80% (g h,i) with substrate

temperatures of 15°C (a,d,g); 25°C (b,e/h); and 35°C (cf,i).
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to a maximum value and at the second stage, it reduces until the end of evaporation.
Since methanol is highly hygroscopic, water vapor present in the humid environment
gets adsorbed-absorbed and/or condensed on the surface of pure methanol droplet. The
local growth in the concentration of water at liquid-gas interface changes the interfacial
tensions and results in larger contact angle [18} 50]. Initially methanol evaporates while
water is continuously being added to the droplet. At the point of maximum contact an-
gle, most of methanol has evaporated and the drop mainly consists of water. However,
it is noteworthy that the contact angle of the drop is lower than the equilibrium contact
angle of water on PDMS coated substrate (i.e. 105 °). This phenomenon is observed and
reported in literature due to the presence of residual methanol that remains in the drop
after the first stage of evaporation [78, 55]. The second stage corresponds to evapora-
tion of water and the remaining methanol until droplet disappears. Nevertheless, it is
observed that at relative humidity 80 % and substrate temperature 15 °C, the volume,
contact angle, and diameter of droplet reach a plateau where no more significant change
is observed in the drop profile. Similar results were observed in the work of Kita et al
[50] where ethanol droplets fully evaporated at relative humidity 35% for both ambient
temperature 30 °C and 40 °C while at more humid environment the drops reached to an

equilibrium state with finite volume.

2.4.2 Evaporation rate

Figure 2.3p-c illustrate the time evolution of methanol droplet volume under different
relative humidity and substrate temperature. Increasing substrate temperature acceler-
ates evaporation process and reduces the final evaporation time [57, 74]. On the contrary,
higher relative humidity of the surrounding results in longer evaporation time. Growth

in total evaporation time through increasing relative humidity of the environment is more
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pronounced for lower substrate temperature. At substrate temperature 35 °C increasing
relative humidity from 20% to 80% enlarges the total evaporation time around 100% (Fig-
ure 2.3f). Whereas the same change in relative humidity at substrate temperature 25°C
results in 500% growth in droplet life time and at substrate temperature 15 °C rise in hu-
midity of the environment causes the drop to reach an equilibrium state with surround-
ing (i.e. infinitely large evaporation time, Figure 2.3p-b). At lower substrate temperature,
the temperature of the liquid-gas interface can drop below the dew point and water va-
por from the environment condenses on the droplet in addition to the amount getting
adsorbed-absorbed by diffusion. At higher substrate temperature, the liquid-gas inter-
face temperature remains above the dew point. Hence, rise in humidity of the surround-
ing only increases the amount of water being adsorbed-absorbed on the drop. Interfacial
temperature distribution of organic solvent droplets evaporating in humid environment
has been thoroughly investigated with the aid of infrared camera by Fukatani et al [32]
and [18]. However, due to complex nature of the problem, continuous addition of water
on the drop, its unknown concentration and distribution, huge difference in emissivity
of water and organic solvent, it accurately measuring the temperature at the liquid-gas
interface would be difficult.

The initial evaporation rate of droplet is calculated and demonstrated versus substrate
temperature for different relative humidity of the environment in Figure 2.3d. It is ob-
served that increasing substrate temperature results in higher initial evaporation rate for
all relative humidity of the environment. On the other hand, change in relative humidity
does not effect the initial evaporation rate noticeably. The initial stage of evaporation is
mainly attributed to evaporation of methanol and the diffusion coefficient of methanol in
dry air and that of methanol into humid air is found to differ by less than 1% [32]. This

is further shown in the empirical model proposed by Kita el al [50] that the change in
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FIGURE 2.3: Time evolution of volume during evaporation of droplets at
substrate temperatures of 15°C (a); 25°C (b); and 35°C (c) at relative
humidity of 20% (), 50% (), and 80% (). (d) initial evaporation rate calculated
as rate of change of volume with respect of time at the beginning of
evaporation.

diffusion coefficient of volatile component into dry air versus humid air is negligible.

2.4.3 Regime map

Dimensionless plots of droplet evolution enables easier analysis of its behavior under dif-
ferent conditions. Three different behavior of droplet were observed under the tested val-
ues for relative humidity of surrounding and substrate temperature. Therefore a regime

map is proposed to classify the evaporative behavior of droplet as shown in Figure It
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is worth noting that the regime map is solely proposed to illustrate different behaviors ob-
served during droplet evaporation. The boundaries in the regime map are roughly drawn
and simply based on the experimental results and analysis of the mechanisms involved.
More data points are needed in order to sketch a more accurate regime map as well as
its boundaries. At low relative humidity (squares in regime map in Figure droplet
undergoes three stages of evaporation, namely constant, slightly rising, and sharply de-
caying contact angle. The substrate temperature has no effect on the qualitative behavior
of the drop. The adsorption-absorption and/or condensation of water is negligible on the
drop due to its low vapor pressure in the surrounding.

At higher relative humidity, substrate temperature influences the evaporative behav-
ior of droplet. For both high relative humidity and substrate temperature (triangles in
regime map in Figure 2.4), droplet experiences two stages of evaporation: a region of
increasing contact angle followed by its reduction until the end of drop lifetime while
the volume and base diameter decrease monotonically. At high relative humidity when
substrate temperature is low enough (circle in regime map in Figure[2.4), the droplet evo-
lution consists of only a single step. The contact angle rises monotonically while volume
and diameter decrease continuously until all three parameters reach a plateau. When
relative humidity is high, organic solvent drop absorbs a non-negligible amount of wa-
ter during evaporation [18, 42, 50]. Figure 2.4 includes the dew point temperature for
each value of the surrounding relative humidity. Water uptake on the drop is through
adsorption-absorption and/or condensation. When substrate temperature is low enough
so that the temperature at the liquid-gas interface falls below the dew point at that relative
humidity, condensation becomes the dominant mechanism for water uptake on the drop.
At higher substrate temperature, since the liquid-gas interface temperature stays above

the dew point, water is loaded to the drop mainly by adsorption-absorption. Hence,
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FIGURE 2.4: Relative humidity and substrate temperature regime map of
droplet evaporation showing distinct droplet behavior regions
higher relative humidity of the environment increases the amount of water adsorbed-
absorbed on the drop but does not change the behavior of the droplet considerably. It
is worth noting that the time span that contact angle stays at values close to the maxi-
mum point seems to vary for different conditions. This needs further investigation of the

droplet behavior using more experimental data.

2.5 Conclusion

An experimental investigation is carried out to study the combined effect of substrate
temperature and relative humidity of the environment on evaporation of pure methanol
droplet. Experiments were performed in an environmental chamber with controlled rel-
ative humidity and at room temperature of 25°C. The substrate temperature was also
controlled with the aid of a Peltier plate.

At low relative humidity of the surrounding, droplet undergoes three stages of evap-

oration: constant, slightly increasing, and sharply decreasing contact angle while volume
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and diameter drop continuously. No significant effect of substrate temperature was no-
ticed on the qualitative behavior of droplet during evaporation at low relative humidity.
At high relative humidity, substrate temperature plays a role on the evolution of droplet.
At high temperature, droplet experiences two stages of evaporation. The contact angle
rises to a maximum value while both volume and diameter decrease, then it drops until
the end of droplet lifetime. If the substrate temperature is low enough, the drop un-
dergoes a single stage of evaporation where contact angle, volume, and diameter reach
plateau and droplet stops evaporating. Water vapor present in humid environment gets
adsorbed-absorbed and/or condensed on the droplet. Changing the substrate tempera-
ture affects the temperature at the liquid-gas interface. If the temperature at the liquid-gas
interface drops below the dew point at that specific relative humidity, the condensation
of water takes place in addition to adsorption-absorption of water. This will result in
more water uptake on the droplet and will change its evolution. The maximum value
of contact angle during evaporation is lower than that of pure water which confirms the
presence of residual methanol in the drop after the first stage of evaporation. Evapora-
tion rate enhances by increasing substrate temperature and reduces by rising the relative
humidity. The enhancement in total evaporation time with increase in relative humidity
is more pronounced for lower substrate temperature. This is due to the lower dew point
temperature at higher relative humidity as well as lower liquid-gas interface temperature
which augments the condensation of water on the droplet. The initial evaporation rate
is found to be independent of relative humidity of surrounding. A regime map was sug-
gested based on different evolution of droplet under different conditions of surrounding
and substrate.

In conclusion, what has been presented in the current work suggests that the un-

wanted environmental effects on droplet evaporation can be alleviated and controlled
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by tuning the temperature of the substrate. The idea can be applied to any industrial ap-
plication involving droplet evaporation such as ink-jet printing, fabrication techniques,
etc. It is worth mentioning that changing the substrate temperature is more practical and

economical than changing the ambient temperature.
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3.1 Abstract

Droplet evaporation is important in many industrial and biological applications such as
spray cooling, ink-jet printing, microfabrication, and biosensors. Droplet behavior dur-
ing evaporation is highly influenced by relative humidity of surrounding. In the present
study, a classification problem is solved to reversely detect the relative humidity of the

environment by analyzing methanol droplet evaporation under controlled environment.

30



Two different linear classifiers, Naive Bayes and Bagged Decision Tree, have been trained
by three different models. Testing and validation show that Bagged Decision Tree out-
performs Naive Bayes for all models. Adding extra information as input variables signif-
icantly improves the accuracy of Bagged Decision Tree while it has no net effect on the
overall performance of Naive Bayes. The influence of input data distribution on target
variable is also investigated. Performance of Bagged Decision Tree Classifier is not de-
pendent on input data distribution, whereas some models of Naive Bayes seem to change

their accuracy as input data distribution changes.

3.2 Introduction

Droplet evaporation is an omnipresent phenomenon in nature as well as industries such
as spray cooling [83, 88], ink-jet printing [60, 47, 23], microfabrication, dye painting, agri-
cultural irrigation [58, 43], bio-diagnostics, and biosensors [41, 93, |34]. Liquid/substrate
properties [57, 77,7, 121} 63, 10, |73} 87] as well as environmental conditions [76, 8, (61} 32,
50, [1] are among factors influencing droplet evaporation.

Noticeable change in evolution of droplet by relative humidity of the surrounding [1,
50] suggests the opportunity to reversely detect the humidity of the environment. At all
temperatures and pressures, relative humidity is defined by the ratio of water vapor pres-
sure to the saturation water vapor pressure at the temperature of the gas [59]. Hygrometer
is a humidity sensing device that functions based on measurements of a parameter such
as temperature, mass, etc in a substance as the moisture gets absorbed. One of the most
precise humidity sensors is chilled mirror which requires frequent cleaning and skilled
operator. On the other hand, some sensors like capacitive, resistive ,or thermal that are

cost-effective and require small space have lower accuracy. Measuring humidity is still
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a challenging task with a trade-off between accuracy and convenience. Hence, it would
beneficial to explore new different methods for measuring humidity.

Application of machine learning algorithms has recently gained increasing attention
in the field of droplet evaporation and deposition. Junior et al. [46] proposed a new
method based on machine learning techniques (Artificial Neural Network and Regres-
sion Tree) to efficiently predict the deposition configuration of drops containing plant
protection products in agricultural irrigation and spraying systems. They showed that
their method is a more practical approach where the high computational cost is an issue.
Gorr et al. [33] employed supervised and unsupervised machine learning algorithms as a
pattern recognition technique to detect various solution composition after droplet evap-
oration. Recently, Hamadeh et al. [37] have analyzed dried patterns from blood droplets
by machine learning in order to differentiate between patterns in droplet stains with and
without exercise-induced changes in blood chemistry. They have applied Principal Com-
ponent Analysis (PCA) [26] for dimensionality reduction as an unsupervised learning
method and Linear Discriminant Analysis (LDA) [9] as a supervised learning approach.
Even though, machine learning methods have been used in droplet stain pattern recog-
nition or its deposition, these methods are not yet applied on analyzing the behavior
of droplet during evaporation which is a dynamic process. In the present work, ma-
chine learning classification algorithms are employed to analyze the dynamic evolution
of droplet while evaporating. An inverse detection method is proposed for sensing the
relative humidity of the environment. The experimental data on evolution of methanol
droplet under controlled humidity of environment is used to train two different machine
learning classification algorithms: Naive Bayes and Bagged Decision Tree. Details of the
experimental work is briefly discussed in section II and can be found comprehensively

in Andalib et al. [1]. Section III discusses the two classifiers used and elaborates on data
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processing and correlation between features. Section IV further talks about building the
models, accuracy of the models while testing and importance of each feature to make
predictions. Finally, section V explains validation of the model, effect of input variables,

and input data distribution on the performance of both algorithms.

3.3 Experimental Data

The data used in this work is from our recent study [1] where the combined effect of
relative humidity of the surrounding and substrate temperature was experimentally in-
vestigated on evaporation of methanol droplets.

Experiments were carried out in a temperature and humidity controlled chamber
(with a dimension of 127 x 127 x 76 mm?®) of drop shape analyzer (DSA 100) from KRUSS
(Figure[3.T]b). The relative humidity (RH) and ambient temperature (T,pyp) in the chamber
were controlled between 20% and 80% and at 25 °C. The bottom side of the chamber was
equipped with a Peltier plate with temperature control. The tested substrate temperature
(Tsubstrate) Was between 15 °C and 35 °C.

Methanol was purchased from Fisher Scientific with purity of 99.8%. The glass sub-
strates were coated with a very thin PDMS (polydimethylsiloxane) layer to achieve spher-
ical and reproducible droplets with measurable contact angles. Evolution of the drop
was recorded by DSA 100 camera at 50 frames per second. Post-processing was done
with DSA Advanced software to study the time evolution of droplet contact angle (6),
base diameter (D), and volume (V). Elliptical fitting was used to compute the volume
and contact angle of the droplet due to the observed differences in right and left contact
angle. Figure 3.2) shows experimental results for three different relative humidities and

three different substrate temperatures. Base diameter (D) and volume (V) are normalized
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FIGURE 3.1: a: Schematic of a droplet on a solid surface; b: image of the
experimental set up including environmental chamber and dosing system;
reprinted from Andalib et al. [1]

by their initial values i.e. D* = D/Dg and V* = V /Vj, while the time ¢ is nondimension-

alized by final evaporation time of the droplet t* = t/t;.

3.4 Machine Learning and Data processing

3.4.1 Methodology

We are solving a classification problem. Two classifiers are used: Naive Bayes [16, 51, 52,
53] and Bagged Decision Tree [91, 72} 67]. Each has its own pros and cons. Naive Bayes is
a simple algorithm. Therefore it is easy to interpret it and explain to others. With simple
algorithm also there is less chance for overfitting. It is faster to work with Naive Bayes
and it needs smaller memory footprint. However Naive Bayes has lower accuracy. It has
restrictive underlying assumptions which makes its use in real cases with compromised
accuracy. Bagged Decision Tree is one of the most complicated classification algorithms.
It has a built-in support for cross validation and a specialized function to measure feature
importance. Nonetheless, it usually results in complex models that are not very transpar-
ent. It is often hard to understand what the Decision Tree algorithm is up to and how it is

making predictions.
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FIGURE 3.2: Experimental data on evolution of methanol: contact angle (),
base diameter (-), and volume (-)reprinted from Andalib et al.
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TABLE 3.1: Class and features for the classification problem

Class (target variable) Features (input variables)

RH (%) TCC) 6 t D V  Runs
20 15 10
50 23 5
80 35 5

3.4.2 Data Selection and Models

Classification is a predictive modeling approach using discrete classes. Classes are what
we are trying to predict and features are the data that we use to make predictions. In
the current problem, there is only one class (or target variable) which is relative humidity
and the features (or input variables) are temperature, contact angle, time, diameter, and
volume either in dimensionless or dimensional form. The total number of data points
is 10,890 which come from a total of 60 experiments. It should be noted that there are
more experimental data (i.e. runs) with RH = 20% compared to other two cases (Table
B.I). Three different models are built based on input variables. As shown in Table
model a includes only two variables (i.e. dimensionless mean contact angle and time),
model b has four input variables (mean contact angle, time, temperature, and diameter
all in dimensionless form), and model ¢ has consists of the same variables as model b,
but all in dimensional form. Model a is built so that it only includes information about
the most important features (i.e. contact angle over time). Model b is built in order to
examine whether adding extra information to the variables in model a further improves
the performance. Model c tests if dimensionality of variables has an effect on performance

of the classifier.
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TABLE 3.2: Description of models

Input variables
Model a 0", t*
Modelb 6%, t*, T*, D*
Model ¢ 0,t, T, D

‘ All data ‘

‘ Training data ‘ ‘ Validation data ‘
Iteration 1 Test ‘ Train ‘ Train ‘ Train ‘ Train ‘ )
Iteration 2 | Train ‘ Test ‘ Train ’ Train ‘ Train ‘
Iteration 3 | Train ‘ Train ‘ Test ‘ Train ‘ Train ‘ >— Building the model
Iteration 4 | Train ‘ Train ‘ Train ‘ Test ‘ Train ‘
Iteration 5 | Train ‘ Train ‘ Train ‘ Train ‘ Test ‘ )

Final evaluation Validation data

FIGURE 3.3: Schematic of data partitioning

3.4.3 Data Partitioning

As demonstrated in Figure the data is partitioned into a training set and a validation
set. The machine does not see the data in the validation set during training. When build-
ing the model, the training data is further separated into multiple subgroups of training
and test sets (i.e. cross validation). This process will be explained later in section IV. The

tinal model is trained on all available data in the training set.

3.4.4 Correlation Between Features

One of the underlying assumptions of Naive Bayes Classifier is that the features are inde-
pendent. In order to check whether our data fulfills this assumption we use covariance

matrix. Covariance matrix is a symmetrical matrix which shows the correlation between
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FIGURE 3.4: Covariance matrices for three different models: a) model a that

includes only contact angle and time both in dimensionless form; b) model

b which has contact angle, time, temperature, and diameter all in dimen-

sionless form; c) model ¢ that has the same variables as model b but all in
dimensional form.

features as well as the class. Figure 3.4} illustrates the covariance matrix for three models.
All the boxes on the diagonal have the correlation of unity because it shows the corre-
lation of a variable with itself. Aside from that, strong correlation is observed between
the mean contact angle (0" or #) and relative humidity. Furthermore, the independence
assumption of features are not fully satisfied as some features are correlated to each other

for example time and contact angle. Nevertheless, sometimes Naive Bayes Classifier pro-

duces relatively accurate results even if this assumption is not satisfied for all features.

3.5 Estimation Results

3.5.1 Naive Bayes

After setting aside 2% of the entire data for validation, the remaining data records are
randomly divided into a training set (80%) and a test set (20%) by "Holdout” method
20]. The performance of the algorithm in predicting the relative humidity value in
the test set is illustrated using confusion matrices (see Figure 3.5). The vertical axes on

confusion matrices represent the true relative humidity while the horizontal axes show
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the predicted relative humidity values. The numbers on the diagonal of the confusion
matrix represent the number of instances that are correctly predicted by the machine. The
off-diagonal numbers show the incorrect predictions. For example, in Figure[3.5a the top
middle box that has a value of 54 shows that 54 data points that had an actual RH of 20%
were predicted as RH of 50%. The overall error of a model is calculated from its confusion

matrix defined as:

trace (confusion matrix)
sum (confusion matrix)

Error =1 — (3.1)

It is seen that different models do not change the accuracy of Naive Bayes significantly

(see Figure[3.5la,b, and c).

Cross Validation

When the data is randomly partitioned into a training and test set, there might be a chance
that some potential anomalies in the data would go either to the training or test set. To
check this possibility and ensure that there are no anomalies in the data set a method
called K-fold cross validation is used [82]. In this method, the data is separated into K
subgroups (Figure[3.3). The training and testing the model is performed K times and each
time one of the K subgroups is selected as the test set. At the end, the training error for
each of K fold is reported. K-fold cross validation gives the opportunity for all the data
to be in the test set at least once. We have applied 10-fold cross validation on all three

models. Table 3.3|lists the average test error for all folds plus the standard deviation.

39



Naive Bayes

Bagged Decision Tree

()
—

20

True relative humidity (RH)

True relative humidity (R

Model a

Error =30%

54

20 50 80

Error =14%

26

20 50 80
Predicted relative humidity (RH)

Model b
b
) Error =33%
20 59 74
50 199 184 247
80 90 58 753
20 50 80
e)
Error =2%
20 1 3
50 10 15
80 1 19
20 50 80

Predicted relative humidity (RH)

Model ¢
C
) Error =35%
20 99
50
80 225
20 50 80
f)
Error =2%

20 4

50

80

20 50 80
Predicted relative humidity (RH)

FIGURE 3.5: Confusion matrices with Naive Bayes (a,b,c) and Bagged De-

cision Tree algorithms (d,e,f) for three models: model a that includes contact

angle and time as input variables, both in dimensionless form; model b which

consists of contact angle, time, temperature, and diameter as input variables,

all in dimensionless form; and model ¢ which has the same input variables as
model b, but all in dimensional form.

TABLE 3.3: Average test error (plus standard deviation) with 10-fold cross

validation for different models

model a error (%) model b error (%) model c error (%)

31(+2)

35(£2)

34(12)
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TABLE 3.4: Results of Sequential Feature Selection for Naive Bayes Classifier

Dimensionless input variables: Dimensional input variables:

t*, V¥, D*, 0%, T* t,V,D,6,T
Added variables  Error(%)  Added variables Error(%)
6* 32 6 32
T* 30 T 30
t* 29

Forward Feature Selection

It is important to see which input variables (or features) are more important in making
predictions. Even though, relying on the physics of the problem one can see that contact
angle is the most dominant parameter, it is still beneficial to examine and see which fea-
tures are statistically important to the machine. In order to do so, we use a sequential (or
forward) feature selection algorithm [36, 70} 79]. Through this algorithm, the machine se-
lects a subset of features that best predict the target variable until there is no statistically
significant improvement on prediction results. The first feature added is the most im-
portant one. We have performed Sequential (Forward) Feature Selection for Naive Bayes
Classifier with two sets of input variables: dimensionless and dimensional. As seen in Ta-
ble for dimensionless input variables, dimensionless contact angle (6*) is added first
and resulted in error of 32%. Dimensionless temperature (T*) is added second and dimen-
sionless time (t*) is added third to further reduce the error to 30% and 29%, respectively. It
is noteworthy that forward feature selection stops after adding t* for dimensionless input
variables. This means that adding dimensionless diameter (D*) or dimensionless volume
(V*) does not improve the accuracy of Naive Bayes. For the case of dimensional input

variables, this process stops only after adding contact angle () and temperature (T).
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3.5.2 Bagged Decision Tree

While Naive Bayes is one of the simplest classification algorithms, Bagged Decision Tree
is one of the most complicated ones. It constructs n classification trees by bootstrap sam-
pling of the data to combine their predictions for a final meta-prediction [91} 72, 67]. We
have used 250 trees for our Bagged Decision Tree Classifier. When using Bagged Decision
Tree, there is no need to further partition the data into training and test sets as the algo-
rithm does that automatically. It also has a built-in support for cross validation. Although
training and test sets are not required for this algorithm, to test the model we separate it
into a training and test sets to obtain the confusion matrices illustrated in the second row
of Figure It is clear that models b and ¢ produce more accurate results than model
a. The reason is that models b and c include extra information on diameter and tempera-
ture. Therefore, Bagged Decision Tree makes use of this extra information to make better
predictions despite Naive Bayes. It is also evident that Bagged Decision Tree outperforms
Naive Bayes for every model (compare second vs. first row of Figure[3.5). This result is

expected since Bagged Decision Tree is a more powerful tool than Naive Bayes.

Feature Importance

Importance of different features can be visualized for Bagged Decision Tree by out of bag
feature importance [97] (see Figure [3.6). The values assigned to each feature in different
models is the increase in mean square error (MSE) averaged over all trees and divided
by standard deviation taken over the trees. The larger this value, the more important the
teature [11]]. It can be observed for all models that contact angle (either in dimensionless

or dimensional form) has the highest feature importance value.

42



[+
~

Model a Model b Model ¢

r 1 10
15+
r 1 6 10+
0 0 0 .
CA* t* T CA* t* D* T CA t D
m m m

FIGURE 3.6: Out of bag feature importance for Bagged Decision Tree feature
with three different models

(2]
o
-
N
N
o

N S o
o o o
EN

o
N

Out-of-bag feature importance
w
o

3.6 Validating the Model

Once the machine is trained and tested, it is time to validate its performance by the data
not seen by the machine before. Figure 3.7 summarizes the validation error with three
models for both Naive Bayes and Bagged Decision Tree Classifiers. The vertical axes on
the plots show the error vs relative humidity plotted on horizontal axes, while different
colors correspond to different temperatures. Validation results show that Bagged Deci-
sion Tree outperforms Naive Bayes for all models specially for models b and ¢ which is in
agreement with the results of the training and testing. The error values are also listed in
Table 3.5

In order to obtain some insight on how the model works, it is beneficial to look at a
single experiment and see how the model predicts its relative humidity value through the
data points over time. Figure 3.8|illustrates the relative humidity prediction using model
a. It is noteworthy that model a only includes dimensionless contact angle and time as
input variables. Each row of Figure 3.8 represents a single experiment. Three sample ex-
periments with constant RH of 20% (first row), 50% (second row), and 80% (third row) are
shown. This means that there is only one true RH value for each row of the Figure that we

are going to predict. Figure[3.8la, b, and c illustrate prediction plots by Bagged Decision
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B3

TABLE 3.5: Validation error values (plotted in Figure

Naive Bayes

20
20
20
50
50
50
80
80
80

15
23
35
15
23
35
15
23
35

9(L8)
16(13)

9(+9)
57(49)
47(+£15)
40(45)
29(£7)
25(48)
99(42)

25(L3)
21(+£5)
18(6)
40(£15)
98(2)
94(£10)
35(17)
10(£2)
82(+3)

25(£3)
13(5)
9(+8)
43(+£23)
85(+12)
60(+7)
36(L7)
16(%2)
100(0)

Bagged Decision Tree
Modela Modelb Model c
6(+5) 2(+2) 1(£2)
15(£16) 6(£12) 10(+14)
9(£7) 4(+9) 1(£2)
39(£13) 12(£11) 14(%8)
33(£8) 16(£15) 10(+£3)
17(£2)  11(£11) 10(£12)
16(£23) 12(+16) 10(£13)
7(£5) 1(£2) 1(£2)
68(+18) 13(+£14) 4(+6)
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Tree and Figure 3.8/d, e, and f demonstrate prediction plots using Naive Bayes. Figure
g, h, and i represent the experimental data on time evolution of contact angle for each
experiment. The green markers are the points in each experiment whose RH value is
predicted correctly and the red markers are incorrectly guessed. For example in the first
row, the relative humidity is 20% (as written on the title of the experiment RH20T15run4),
therefore the correct predicted RH for both Naive Bayes and Bagged Decision Tree should
be 20% (shown by green markers). This value is 50% and 80% for the second and third
row of the Figure, respectively.

The shaded regions in Figure(3.8 g, h, and i correspond to the prediction of data points
by Naive Bayes. The green shaded region shows the range that Naive Bayes predicts rel-
ative humidity correctly and the red shaded region represents the range whose relative
humidity is predicted incorrectly. If we look closely at the values of dimensionless contact
angle in shaded plots, it becomes clear that Naive Bayes makes predictions by defining
threshold values for contact angle. It should be noted that model a only takes dimension-
less contact angle and time as inputs. Whenever the 0* is below 0.5, relative humidity
is predicted as 20%. Anytime 6* is above 0.7, the machine labels the data point as RH
of 80%. Any value between 0.5 and 0.7 is classified as RH of 50%. For RH20T15run4,
most of the contact angle values are below 0.5 except a few data points that show slightly
increased contact angle (although the red region does not cover at the range with higher
contact angle). For RH50T35run3, the green region is when the contact angle goes beyond
0.5. Finally for RH80T35run4, the model can barely detect the value of relative humidity
of 80% except one point which exceeds a threshold value of 0.7 at around t* of 0.3. Despite
Naive Bayes, it is not very transparent how Bagged Decision Tree makes predictions. No
obvious trend is found by observing the experimental data and the predictions made by

Bagged Decision Tree. However it is performing much better than Naive Bayes as it is
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FIGURE 3.8: Relative humidity prediction over time with model a with

Bagged Decision Tree (a,b,c); Naive Bayes (d,e,f); and experimental data on

time evolution of contact angle (g,h,i). Each row of the Figure corresponds to

a single experiment: RH = 20% (first row), RH = 50% (second row), and RH
= 80% (third row).

making a better use of the input features.

3.6.1 Effect of Input Variables

The difference between models is in the input variables or features. Since performance
of model b and c are relatively similar, the comparison will be made between model a
and b, only. As illustrated in Figure 3.7} for Bagged Decision Tree model b results in more
accurate predictions for all RHs. The reason is the same as in the testing stage. By adding

to the number of input variables in model b, Bagged Decision Tree makes use of extra
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information to make better predictions. For Naive Bayes (first row of Figure going
from model a to model b does not affect RH of 20% while influencing RH of 50% and
80%. The error for RH of 50% increases in model b for temperatures of 23°C and 35°C
and decreases for RH of 80% at temperatures of 23°C and 35°C. Hence, adding extra
information on diameter and temperature in model b does not have a net effect on overall
performance of Naive Bayes Classifier. This is consistent with results of Forward Feature

Selection.

3.6.2 Effect of Data Distribution

As mentioned earlier in section III.B, our experimental data is not uniformly distributed
on relative humidity values. The size of data with RH of 20% is double the size for RH 50%
and 80%. In order to examine whether the input data distribution affects the performance
of the classifiers, another set of training, testing, and validating steps are performed by
only including the same number of experimental runs for all relative humidities (i.e. only
5 runs are considered for RH = 20%). The validation results are illustrated in Figure
and the values are listed in Table If we compare these plots with the ones in Figure
it becomes clear that input data distribution does not have a noticeable impact on
Bagged Decision Tree with any model. This is attributed to the nature of Bagged Deci-
sion Tree algorithm where it builds a more robust model which is less dependent on data
distribution. Models b and c of Naive Bayes are also intact by changing input data dis-
tribution. However, accuracy of model a has changed noticeably for RH of 20% and 50%.
Figure compares the performance of model a on two sample experiments for RH =
20% (first row) and RH = 50% (second row) with distribution of data as is and uniform
distribution. It can be observed that Naive Bayes error increases for RH = 20% (4% to

30%) and decreases for RH = 50% (38% to 2%). This is due to the change in threshold
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FIGURE 3.9: Error plots with uniform input data distribution: Naive Bayes
(a,b,c); Bagged Decision Tree (d,e,f). Error values are listed in Table
value for contact angle with the new distribution of the input data. By a closer look, it
becomes clear that changing the input data distribution changes the threshold values for
dimensionless contact angle. With uniform distribution, the new threshold value for 0*
between RH of 20% and 50% is set at 0.4 instead of 0.5. As for the first row, more data
points (that exceed the contact angle of 0.4) are miss-labeled as RH of 50% in the first row.
On the other hand, more data points are correctly classified as RH of 50% because their
value is higher than 0.5. So improvement in the accuracy of one value of the class is fol-
lowed by a reduction in the accuracy of another value of the class. This is due to the fact

that Naive Bayes only used the contact angle value to make predictions.
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Naive Bayes Bagged Decision Tree
RH(%) T(°C) Modela Modelb Modelc Modela Modelb Modelc
20 15 36(£6) 35(44) 33(£2) 12(+4)  6(£4)  4(+6)
20 23 48(£30) 30(£14) 26(£8) 26(£25) 18(£23) 17(£24)
20 35 32(£15) 31(£11) 25(£7) 19(£12) 12(£16)  6(£9)
50 15 40(£10) 26(£22) 39(£22) 38(£12) 16(£11)  15(£9)
50 23 23(£12) 93(£4) 79(£11) 30(£12) 12(£13)  7(+5)
50 35 7(+4)  90(£12) 52(£11) 17(£2) 10(£10) 10(£12)
80 15 29(£8) 35(£7) 36(£7) 17(£23) 12(£16) 10(%14)
80 23 26(£8)  9(£2)  15(£2)  7(£5)  1(£2)  1(%1)
80 35 99(£1)  81(£5) 100(£0) 67(£18) 12(+15)  5(£7)
Model a Model a
(with uniform distribution)
Prediction Experimental Data Prediction Experimental Data
b) c) d)
Error =4% 1 RH20T15run4 —~50 Error =30% 1 RH20T15run4
LE 540' LE
6 0.5v o g % 6 0.5 //m'\t
0 Tos 1 % 05 1 - 205 05 1 % 05
t t t t
Error =38% - f ] RH50T35run3 g’); 50 Error =2% ) 1 RH50T35run3
3 540' £ .
05 N b < 05
© B30 o
0 05 1 % 05 1 - 2% 05 1 % 05

t

t t

FIGURE 3.10: Naive Bayes relative humidity prediction over time and exper-
imental data. Each row of the Figure represents a single experiment: RH =
20% (first row) and RH = 50% (second row).
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3.7 Conclusions and Future Work

Study of droplet evolution has been used to reversely detect the environmental condition
(i.e. relative humidity). The detection has been performed by one data point in time in-
cluding macroscopic parameters. Two different classifiers have been tested: Naive Bayes
and Bagged Decision Tree. Three models were built based on input variables. Model a
only contains dimensionless contact angle and time as features, however models b and
c include extra information on temperature and diameter in dimensionless and dimen-
sional format, respectively. As expected Bagged Decision Tree Classifier produced more
accurate results with all three models compared to Naive Bayes. Further examining the
predictions made by Naive Bayes revealed that the algorithm defines threshold values for
contact angle. However, it was not so transparent how Bagged Decision Tree was making
predictions.

Model b and ¢ highly improved the accuracy of Bagged Decision Tree while it did not
have a net effect on Naive Bayes. This is due to the fact that Naive Bayes does not use
extra information on temperature or diameter and it heavily relies on the value of contact
angle. The effect of input data distribution was examined with both algorithms and all
three models. It was observed that Bagged Decision Tree was very stable and did not
change by altering the input data distribution. Models b and c of Naive Bayes were also
quite intact by input data distribution. Nevertheless, the results of model a with Naive
Bayes Classifier changed substantially by input data distribution. The reason is changing
input data distribution changed the threshold values for contact angle. Therefore, the
accuracy for RH = 20% decreases while it increases for RH = 50%.

Detection of relative humidity is performed by a classification problem. It is similar

to classify the groups of RH as low, medium, and high. However, the ultimate goal is to
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develop an algorithm which can detect any numerical value for RH. For this purpose, the
classification problem should be replaced by a regression problem and more experimental
data is required as well. Moreover, currently only one data point in time is used to make
predictions. The next step would be to modify the approach so that it uses a series of
consecutive data points in time (time window). This will probably increase the accuracy

of the algorithm.
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Chapter 4
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Estimation for Interfacial Fluid

Mechanics in Evaporating Droplets
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4.1 Abstract

Droplet evaporation plays crucial roles in biodiagnostics, microfabrication, and inkjet

printing. Experimentally studying the evolution of a sessile droplet consisting of two or
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more components needs sophisticated equipment to control the vast parameter space af-
fecting the physical process. On the other hand, the non-axisymmetric nature of the prob-
lem, attributed to compositional perturbations, introduces challenges to numerical meth-
ods. In this work, droplet evaporation problem is studied from a new perspective. We
analyze a sessile methanol droplet evolution through data-driven classification and re-
gression techniques. The models are trained using experimental data of methanol droplet
evolution under various environmental humidity levels and substrate temperatures. At
higher humidity levels, the interfacial tension and subsequently contact angle increase
due to higher water uptake into droplet. Therefore, different regimes of evolution are
observed due to adsorption-absorption and possible condensation of water which turns
the droplet from a single component into a binary system. In this work, machine learning
and data-driven techniques are utilized to estimate the regime of droplet evaporation, the
time evolution of droplet base diameter and contact angle, and level of surrounding hu-
midity. Droplet regime is estimated by classification algorithms through point-by-point
analysis of droplet profile. Decision tree demonstrates a better performance compared to
Naive Bayes (NB) classifier. Additionally, the level of surrounding humidity, as well as
the time evolution of droplet base diameter and contact angle, are estimated by regres-
sion algorithms. The estimation results show promising performance for four cases of
methanol droplet evolution under conditions unseen by the model, demonstrating the

model’s capability to capture the complex physics underlying binary droplet evolution.
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4.2 Introduction

Wetting and spreading of liquid on a solid surface is an omnipresent phenomenon in
nature and engineering technologies such as biodiagnostics, inkjet printing, microfabri-
cation, spray cooling, and agricultural irrigation [63| 10, 62, 5, 23| 47, 60, 85, 83| 88, 58,
41}, 93, 34]. Droplet evaporation has gained increasing attention over the past twenty-five
years [17, 81, |14, 3, 4, 96]. The original work of Deegan et al. [24] on the coffee-ring effect
was followed by the comprehensive study of Hu and Larson [40] where they theoretically,
experimentally, and numerically calculated the evaporation rate of sessile water droplets.
Evaporation of a single component sessile droplet is influenced by various factors such
as substrate temperature (Mollaret et al. [57]), environment pressure (Sefiane & Tadrist
[74]), surfactant concentration (Sefiane [77] ), substrate thermal conductivity (Ristenpart
et al. [69], David et al. [21]], Sobac & Brutin [87]), and surrounding gas (Sefiane et al. [76]).
When an organic fluid droplet evaporates on a solid surface, thermocapillary instabilities
known as hydrothermal waves (HTWs) are created due to surface tension gradient along
the interface (Sobac & Brutin [86]).

Although the evolution of a single component droplet is mainly understood, the physics
becomes complex when there is more than one component in the droplet. Three stages
were reported for evaporation of water-ethanol mixture droplets (Sefiane et al. [75])
where the first stage corresponded to evaporation of a more volatile component while
the last stage was responsible for evaporation of a less volatile component. The humidity
of the surrounding plays a crucial role in evaporation of a binary sessile droplet. Sefiane
et al. [78] and Liu et al. [55], in separate studies, observed a rise in contact angle of bi-

nary mixtures which suggested possible condensation of water on droplet. Innocenzi et
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al. [42] also reported adsorption of water in ethanol and ethanol/water mixtures by time-
resolved infrared spectroscopy. In a comprehensive study, Chen et al. [18] employed
three different techniques of optical visualization, infrared thermography, and acoustic
high-frequency echography to study the evaporation of butanol, ethanol, water/butanol,
and water/ethanol droplets. Their results showed that due to the high hygroscopic power
of ethanol, the humidity of the environment had a noticeable effect on the evolution of
pure ethanol droplets. Heterogeneous thermal patterns alongside the evolution of acous-
tic reflection coefficient proved that ethanol droplet undergoes continuous water loading.
The combined influence of ambient temperature and relative humidity on early stages
(i.e. pinned contact angle) of ethanol droplet was examined by Fukatani et al. [32] Kita et
al. [50] quantified the water loaded onto ethanol droplet by gas injection chromatography
(GIC) under controlled ambient temperature and relative humidity. The observed reduc-
tion in ethanol concentration was attributed to both ethanol evaporation as well as water
intake on the drop. They concluded that at low relative humidity the main mechanism
for water intake was that of adsorption-absorption, though at high relative humidity wa-
ter condensation plays a more dominant role. While the changes in relative humidity are
commonly imposed environmental conditions, controlling ambient temperature to tune
the effect of humidity is rather an expensive method for practical applications. Andalib et
al. [1, 2] proposed regulating the effects of relative humidity on methanol droplet evapo-
ration by adjusting the temperature of the substrate which is less expensive compared to
controlling ambient temperature. They concluded that increasing substrate temperature
maintains the liquid-gas interface temperature above the dew point which in turn limits
the water condensation on the drop. They also proposed a regime map based on droplet
evolution under various environmental conditions.

As the number of components in the droplet increase, the underlying physics become
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more complex. Recently, multi-component droplet evaporation revealed new phenom-
ena such as spontaneous nucleation of oil microdroplets, phase transition, and multi-
component diffusion (Tan et al. [92], Diddens et al. [25], Li et al. [54], Lohse & Zhang.
[56]). Such intricate physics with numerous parameters in play makes experimental stud-
ies sophisticated and time-consuming while requiring advanced equipment to finely con-
trol the environmental condition. On the other hand, the highly non-axisymmetric nature
of the problem due to compositional inhomogeneities brings up significant challenges to
numerical models.

Machine learning methods have emerged as powerful tools for analyzing a wide range
of fluid mechanics problems (Brenner et al. [12] and Brunton et al. [13]]) such as turbu-
lence (Duriez et al. [29], Singh et al. [84], Duraisamy et al. [28], and Fukami et al. [31,
30]), phase transition (Jadrich et al. [44]), ignition (Popov et al. [64]), vortex vibrations
(Raissi et al. [66] and Verma et al. [94]), and aerodynamics disturbances (Hou et al. [39]).
Image processing and pattern recognition techniques have been employed to analyze the
remaining stains after evaporation of sessile droplets. Analysis of patterns in dried drops
of biological fluids revealed a lot of information for medical diagnostics (Yakhno et al.
[95], Killeen et al. [48], Shabalin et al. [80], Brutin et al. [15]], and Hamadeh et al. [37]).
Kim et al. [49] and Gorr et al. [33] showed that the chemistry of fluid and substrate can
be identified by recognition of patterns in the stains. The aforementioned studies uti-
lize machine learning techniques to indirectly measure and detect the mechanisms inside
droplet from the footprint after evaporation. Here, we introduce a data-driven approach
to directly analyze the dynamics of binary droplet evaporation (induced by transfer of a
second component present in the atmosphere).

In the present study, we use data-driven classification and regression algorithms to
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analyze the real-time behavior of a methanol droplet at different levels of environmen-
tal humidity and temperature of the substrate. The present approach is real-time in a
sense that the model reveals the state of the droplet at each point in time. Water uptake
into droplet through adsorption-absorption and possibly condensation turns methanol
droplet into a binary system. Based on the environmental condition, droplet evolves in
different regimes: evaporation-dominated, transition, or condensation-dominated. The
capability of the proposed model is evaluated by estimating four different parameters,
namely: regime of droplet evaporation (through classification algorithms), level of sur-
rounding humidity (through regression algorithms), time evolution of droplet base diam-
eter (through regression algorithms), and time evolution of droplet contact angle (through
regression algorithms). First, a classification algorithm is trained to estimate the regime
of droplet evaporation through analysis of diameter and contact angle evolution over
time. The objective of the model is to detect the regime of droplet evolution with even
a single data point at a specific time. Second, a regression algorithm is utilized to detect
the humidity of the surrounding by analyzing droplet evolution. The high hygroscopic
nature of methanol allows greater amount of water uptake into droplet in humid envi-
ronments. The higher content of water in droplet increases the contact angle and alters
the rate of change of volume. The regression model analyzes these changes and reversely
estimates the humidity. Last, given the condition of the surrounding, the continuous evo-
lution of macroscopic parameters of droplet, i.e., diameter and contact angle, is estimated.
Our method shows great potential in opening up new paths to analyze more complicated
multi-component droplet evolution and interfacial fluid mechanics in general. Estimating
the evolution of different parameters of droplet is a crucial step in designing high quality
and high-resolution finish products in droplet-based biodiagnostics, inkjet printing, and

microfabrication technologies. Our proposed method provides necessary information on
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evaporation of organic liquid droplet under various environmental conditions with sim-
ple and easy-to-use algorithms without the need to perform complicated simulations. We
show that the regime of droplet, relative humidity of surrounding, and time evolution of
diameter and contact angle can be estimated under various conditions. In real-world ap-
plications anticipating the regime of droplet is of great importance as in many instances,
the occurrence of one regime or the other should be avoided. For example, a droplet

sitting on a surface forever is not ideal for high resolution of printing or biosensing.

4.3 Results

4.3.1 Physics of Droplet Evaporation

Droplet evaporation is influenced by numerous factors including liquid/substrate prop-
erties as well as environmental conditions [7} 21, 87,169, 76,32, 50]. We analyze the evolu-
tion of a sessile methanol droplet through macroscopic parameters: volume, V, diameter,
D, contact angle, 6, and time, t, under controlled relative humidity of surrounding, RH,
and substrate temperature, T (see Fig. inset). The variables are nondimensionalized
as: t* = t/t;, V* = V/V, D* = D/Dy, 0" = 0/6y, T* = T/Ty, RH* = RH/RHj,
where 6y = 90°, Ty = 35°C, RHy = 100, and ¢ £ Vo, Do, that are experimentally measured,
stand for total evaporation time, initial volume, and initial diameter, respectively. The ex-
periments are conducted in a chamber with controlled humidity and on a substrate with
controlled temperature (Fig. [4.1a). Fig.4.1a Details of experimental procedure are given
in Materials and Methods Sect. Three regimes of droplet evolution are observed under
various relative humidity of the surrounding and substrate temperature (Fig. {.Ib-top

left) namely: evaporation-dominated, transition, and condensation-dominated. Three
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FIGURE 4.1: a) Schematic of the experimental setup with macroscopic pa-
rameters of droplet shown in the inset; b) regime map of droplet evapora-
tion (top-left) under various relative humidity (RH) of surrounding and sub-
strate temperature (T), evolutions of nondimensional contact angle, volume,
and diameter versus time for evaporation-dominated (bottom-left), transition
(top-right), and condensation-dominated (bottom-right) regimes. Each scale
bar in droplet images represents a length of Imm. The schematic is made
using free and open-source software Inkscape (Harrington [38])

sub figures represent the evolutions of 6%, V*, and D* over t*. Nondimensional plots are

reported to better visualize different evolution patterns.

At low relative humidity (the green-shaded region in Figl4.Tb), change in substrate

temperature does not alter the qualitative evolution of droplet. In this regime, the con-

tact angle stays constant for most of droplet lifetime followed by a slight increase and a

sharp decrease towards the end (Fig[4.1b-bottom left). The modest rise in contact angle is

attributed to the interplay of high evaporation rate of methanol and receding speed at the

triple line [78]. Diameter and volume monotonically decrease during droplet lifespan.

Due to the high hygroscopic nature of methanol, at higher relative humidity, water
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vapor transfers into the droplet at the liquid-gas interface. Water adsorbing-absorbing
and possibly condensing on the interface is reported in previous studies [75, 18| 42, 32,
1, 50]. The growth in the concentration of water content changes the interfacial tensions
and results in higher contact angle [50, 18, |I]. Unlike low relative humidity, substrate
temperature plays a determining role in the regime of droplet evolution at high relative
humidity of the surrounding. In the transition regime (red-shaded region), contact angle
rises to a maximum value before gradually decreasing towards the end of droplet life-
time. Increasing contact angle demonstrates water uptake into droplet while methanol
is evaporating. At the point of maximum contact angle, most of methanol has already
evaporated and droplet consists mainly of water. However, some studies revealed that a
small amount of residual methanol remains until the end of droplet lifetime [78, 55]. Even
though diameter and volume decrease monotonically, two obvious slopes are observed
in their evolutions (Figl4.Ip-top right). The two slopes correspond to two stages: the ini-
tial stage when merely methanol evaporates and the second stage when water mainly
evaporates at a slower rate.

When the humidity of the environment is high and the substrate temperature is suffi-
ciently low, another regime is observed. In condensation-dominated (blue-shaded) regime,
contact angle monotonically increases until it reaches a plateau. Both diameter and vol-
ume converge to a non-zero value. Lower substrate temperature enhances water uptake
through condensation by dropping the liquid-gas interface temperature below that of
dew point [1]. In this regime, droplet comes to a quasi-steady state with a remaining

droplet consisting mainly of water [78, 55, |18, 50].
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4.3.2 Regime Classification

We have used a classification algorithm to detect the regime of droplet evaporation as
sketched in Figure[.Ib. The classifier is trained with data on contact and diameter at each
specific point in time and then classifies the regime of droplet evaporation. Dependence of
variables is shown by the correlation matrix in Fig. where RG stands for the regime of
droplet evaporation. Diameter and volume are coupled for a spherical cap sessile droplet
through the relation V = (77/3)(D/2)3(2 + cos 6)(1 — cos #)? which assumes slow quasi-
static evaporation. t*, D*, and 0* are used as input variables and RG is the target variable.
It is observed that the contact angle is highly proportional to humidity because the higher
the humidity, the higher the amount of water uptake into drop. Higher water content
increases the interfacial tension at the triple line which results in higher contact angles.
The framework for detection of the regime of droplet evaporation characterizes the
behavioral pattern of droplet by learning the values of contact angle and diameter at each
specific point in time and classifying them to each regime. The model then labels the test
and validation sets based on similar evolution observed previously during training. The
ratio of training to test set is 80 to 20%. Two classifiers of Naive Bayes (NB) and deci-
sion tree (DT) are trained and confusion matrices are used to compare the performance

of classifiers on the test set (Fig. ). Precision, recall, F-score, and overall accuracy

TABLE 4.1: Regime classification results on test set: standard metrics for two
different classifiers

Classifier Accuracy @ RG  Precision Recall F-score
Evap. 0.74 0.65 0.6
NB 0.75 Trans. 0.81 0.78 0.79
Cond. 0.46 0.93 0.61
Evap. 0.99 0.97 0.97
DT 0.96 Trans. 0.97 0.96 0.96
Cond. 0.83 0.89 0.85
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FIGURE 4.2: Results of regime classification: a) correlation matrix for param-
eters in droplet evaporation; b) results of test set for regime detection illus-
trated with confusion matrices for Naive Bayes (NB) and decision tree (DT)
algorithms; c) point-by-point validation results with NB and DT classifiers
for regime detection with experimental data of droplet evaporation for RH =
80% and T = 35°C; d) point-by-point results of estimation set with NB and DT
classifiers for regime detection with experimental data of droplet evaporation
for experiment #4 (RH = 75% and T = 25°C) in estimation set. The colors in ¢
and d correspond to the regime colors used in Figure 4.1\b.

values (shown in Table provide a comprehensive evaluation of the performance of
each classifier on the test set. Based on the results shown in the Fig. and Table
DT outperforms NB for all regimes of the test set. It is also observed that the detection
of the condensation-dominated regime is challenging for both classifiers. Detection of
evaporation-dominated regime reaches an F-score value of 0.97 with decision tree clas-
sifier.For NB, around half (43%) of the points in the condensation-dominated regime are
classified as transition regime (see Fig. £.2b). Replacing diameter with volume slightly
improves the results for both classifiers (6% on average) for this regime. This is due to a
more discernible evolution of V* compared to D* towards the end of droplet lifetime for
this regime. However, since measuring diameter is a more direct approach and also more

convenient for the user, the model is trained with diameter.
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TABLE 4.2: Regime classification results on validation set under each specific

RH and T condition with two different classifiers

Classifier RH (%) 15°C 23°C 35°C
20 0.72(£0.04) 0.73 (£0.08) 0.78 (£0.06)
NB 50  0.80 (£0.06) 0.62(40.11) 0.63 (£0.02)
80  0.41(40.10) 0.88(£0.06) 0.83 (£0.08)
20 0.98 (£0.03) 0.96 (£0.08) 0.96 (+0.08)
DT 50  0.94(£0.10) 0.94 (+0.03) 0.98 (+0.03)
80  0.74(£0.23) 0.97 (£0.05) 0.94 (£0.07)

The capability of the model to detect the regime of droplet evaporation under each
specific condition (RH and T) is evaluated through a validation set. The validation step
is performed on a single experiment at each time that is held out during training/testing.
Validation results, averaged for each condition, are presented in Table The accuracy
and recall are the same for validation because at each condition there is only one true
regime. Fig. illustrates a sample of validation for RH = 80% and T = 35°C. The
classifier assigns a region for each point in time based on the value of contact angle and
diameter. The true regime for this condition is the transition regime (red). The red regions
on the two plots on the right side of Figure represents the regions that are classified
correctly as transition regime and the green regions show the regions that are incorrectly
classified as the evaporation-dominated regime. It is observed that both classifiers cor-
rectly detect the region of the majority of the data points although DT demonstrates better
performance. NB struggles at the beginning and end of droplet lifetime. This issue is less
pronounced for DT.

The capability of the model to estimate the regime of droplet is evaluated on an esti-
mation data set from conditions that are unseen by the model and do not contribute to the
model training, testing, and validation. The values of RH and T for these conditions are

randomly selected in the range of 20%<RH<80% and 15°C<T<35°C (shown with cross
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TABLE 4.3: Results of regime estimation for four experiments under new con-
ditions unseen by the model. The true regime of each experiment is shown
on the regime map in Figure [d.Tp.

NB DT
Experiment RH(%) T(°C) Evap. Trans. Evap. Trans.
1(X) 30 15 0.54 0.46 0.67 0.33
2 (X) 33 23 0.61 0.39 0.79 0.21
3 (X) 65 35 032 0.68 0.16  0.84
4(% 75 25 018  0.82 007 093

and star marks on the regime map of Figure [4.Ip). The model classifies each experiment
under each regime with different ratios as shown in Table For example, experiment
1 with RH of 30% and T of 15°C is close to the boundary of evaporation-dominated and
transition regimes. With NB, 54% of the data points in this experiment are classified as
evaporation-dominated regime and 46% as transition regime. This is expected due to
the location of experiment 1 on the regime map. It should be noted that the lines on the
regime map are approximate boundaries. Fig. demonstrates regime estimation of all
data points of experiment 4 with both classifiers. The shown evolution of contact angle is
not similar to any of the evolutions shown in Fig. subfigures. In fact, contact angle
decreases at the beginning and then starts rising. Experiment #4 falls in transition regime.
That is the reason that the profile for experimental data in Figure is colored in red for
the true regime of experiment #4. As it is seen, NB and DT correctly classify 84 and 93%
of the data points in experiment 4 to transition regime. The green regions represent the

data points that are incorrectly classified as evaporation-dominated regime.
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4.3.3 Relative Humidity Estimation

In this section, we show the ability of the model to detect environmental humidity by an-
alyzing the evolution of contact angle and diameter through regression algorithms. Poly-
nomial regression with four different orders (linear, quadratic, third-order, and fourth-
order) and regression tree are used for training. The coefficient of determination (R?)
increases from 0.66 for linear up to 0.93 for fourth-order polynomial regression. The test
results for all five regression methods are shown in Fig. #.3a. The horizontal axis shows
the true value of RH* and the vertical axis shows the estimated values averaged over all
the points for each RH*. As it can be seen, the higher the order of polynomial regres-
sion, the closer the average estimation to the ground-truth value and the smaller the error
bar. Furthermore, regression tree performs more accurately compared to all polynomial
regression methods. Model performance under each specific condition through valida-
tion set is shown in Fig. .2b. The consistent colors throughout Fig. [4.3a-c represent
different regression methods and different markers are used for each substrate temper-
ature in Fig. [4.3p. Based on the results shown in Fig. [4.3p, all methods except linear
regression produce reasonably accurate results. The validation results get closer to ac-
tual values as the order of the polynomial regression increases. Nonetheless, it must be
noted that higher order polynomial regression increases the computational cost as well
as the chance of over-fitting. Performance of regression tree is comparable to third-order
and fourth-order polynomial. The capability of different regression methods to estimate
new humidity values by analyzing the time evolution of contact angle and diameter is
presented in Fig. . The new relative humidity values (30, 33, 65, and 75%) are ran-
domly selected in the range of 20-80%. It is noteworthy that the model has not seen any
data of droplet evolution under these RH values during training, testing, or validation.

It is seen that, unlike testing and validation where increasing the order of polynomial
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FIGURE 4.3: Relative humidity regression results: a) test set; b) validation; c)
estimation. Markers for all colors in (b) represent different temperatures as
shown in legend. Markers and colors in (c) are the same as in (a).
or complexity of the model (i.e., regression tree) produces more accurate results, higher
order polynomials do not result in better estimation of unseen conditions. As a matter
of fact, linear, quadratic, and third-order polynomials estimate more accurately. This is a

common issue when the model fits the training data very well and it negatively affects

the model performance on the new data set. Fig. clearly indicates over-fitting with

fourth-order polynomial.

4.3.4 Diameter and Contact Angle Estimation

In this section, the capability of the model to estimate the continuous evolution of contact
angle and diameter over time is evaluated through regression algorithms. This means
that the model estimates the evolution of diameter and contact angle at each time incre-
ment (approximately one second apart). The input variables include T*, RH*, t*, and 6*
(or D*) and the target variable is D* (or 8*). By increasing the order of the polynomial,
the coefficient of determination, R2, for training improves from 0.87 to 0.99, and from
0.78 to 0.96 for diameter and contact angle estimation, respectively. The performance of

five different regression methods on the test set is presented in Fig. [£.4a. The first row
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represents the results when D* is the target variable and the second row illustrates the
results for 6* as the target variable. The closer the distribution of data to the diagonal
line in these plots, the better the performance of the model on the test set. Based on the
results shown in Fig. [.4a., the diameter test results saturate after third order polynomial
while for contact angle the performance keeps improving when increasing the degree of
polynomial from third to fourth.

The validation results are summarized in Fig. . for D* (top) and 6* (bottom)
in terms of R? and root mean square error rmse. With D* being the target variable, an
average R? of 0.8 or higher and average rmse less than 0.1 are achieved for all nine condi-
tions. Going from linear to quadratic to third order polynomial increases and decreases
the value of R? and rmse, respectively. The profiles of R? and rmse exhibit saturation, and
further increase in the order of the polynomial does not improve model performance on
validation data. This is consistent with the test results where model performance satu-
rates at third order. Furthermore, regression tree demonstrates accuracy comparable to
third-order and fourth-order polynomials. By comparing the range of axes in Fig. [4.4p-
top with bottom, it is obvious that R? values are generally lower (hardly reaching 0.7) and
error is higher when 6 is the target variable. In fact, there are a few instances where the
average R? turns negative, suggesting that the overall estimation of the model is worse
than an estimation with a constant average value.

The performance of the model on estimating the evolution of 6* and D* versus time
under four new conditions that did not contribute to model training, testing, or validation
as shown in Fig. . One value of R? and rmse is reported for each condition (or experi-
ment) which shows the overall quality of the fit. Higher coefficients of determination and
lower rmse values demonstrate the better performance of the model in estimating D* then

0" evolution. Based on the results shown in Fig. .4, third order polynomial regression
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has the best performance in estimating diameter. The results become less accurate with
fourth-order polynomial which suggests over-fitting. It is interesting to note that regres-
sion tree, which had higher accuracy during testing and validation, is outperformed even
by linear regression during estimation. The evolution of diameter versus time estimated
by quadratic regression for Experiment 3 is depicted in Fig. f.4d. As it can be seen, even
with a quadratic regression, the model estimates the evolution of D* quite accurately for
an unseen condition. Considering the range of values on axes of Fig. [.4c-top and bot-
tom, estimating the evolution of contact angle is more challenging for the model. Unlike
estimating diameter, increasing the order of polynomials has a negligible effect. The ac-
curacy of the model stays almost constant for linear, quadratic, and third order. However,
it worsens drastically for fourth-order polynomial due to over-fitting the data. The R?
and rmse values for fourth-order polynomial fall outside the range shown in the plot.
Since the estimation of 6* is generally more challenging for the model, the effect of over-
titting is more noticeable compared to D* estimation. The overall better performance of
the model for diameter estimation compared to contact angle estimation is due to the fact
that diameter evolution is relatively smooth and therefore easier to estimate where con-
tact angle evolution changes substantially under different conditions. Figure .4d-bottom
illustrates contact angle evolution over time estimated with third-order polynomial for
Experiment 1 which is in the evaporation-dominated regime. Although the maximum
value of contact angle is underestimated with 3™ order polynomial, the time correspond-
ing to the maximum contact angle is estimated accurately. Also, there is a good agreement
between the estimated and actual contact angle evolution during most of droplet lifetime

with R? value of 0.74 and rmse of 0.05.
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4.4 Discussion

In this study, we have analyzed the complex physics of sessile droplet evaporation (which
starts with a single component and turns into a binary system due to the transfer of a sec-
ond component i.e., water) through machine learning, classification and regression algo-
rithms. Four different parameters pertaining to droplet evaporation, namely: regime of
droplet evaporation, level of surrounding humidity, time evolution of droplet base diam-
eter, and time evolution of droplet contact angle, are estimated. Point-by-point analysis
of droplet profile enables real-time estimations given a limited number of data points.
The present approach is a real-time state estimation in a sense that the model assesses the
evolution of droplet parameters at every single point in time. This means that the model
does not need the entire evolution profile of a droplet to make an estimation. Instead,
only a few (or even a single) data points are (is) sufficient for estimation, although more
data points result in more accurate estimation. The model estimation capability is then
assessed on the data that do not contribute to training, testing, or validation.

Two different classifiers are utilized to estimate the regime of droplet evaporation. NB
is chosen as a simple easy-to-interpret algorithm, while DT serves as a more powerful al-
gorithm. As expected, DT outperforms NB due to a more robust internal structure at the
expense of computational cost and transparency. Both classifiers showed impressive per-
formance (minimum 75% accuracy) on estimating the regime of droplet. Knowledge on
droplet evaporation regime is necessary for compatible designs in numerous industries
such as droplet-based biosensors or ink-jet printing.

Additionally, level of surrounding humidity, time evolution of droplet base diameter,

and time evolution of droplet contact angle are estimated through regression techniques.
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Polynomial regressors, as well as regression tree, are trained through point-by-point anal-
ysis of droplet evolution. The model performance improved by increasing the order of
the polynomial and using regression tree for training, test, and validation sets. How-
ever, when estimating the new conditions unseen by the model, fourth-order polynomial
and regression tree suffered from data over-fitting. The best performance of the model
is achieved by third-order polynomial. In general, the model estimation results are more
accurate when estimating diameter evolution compared to contact angle estimation. This
is due to smoother, hence easier to estimate, evolution of diameter with time. The sharp
changes in 6* under different conditions make the estimation of its evolution challenging
for the model. Information of this type is of great importance for technologies such as
ink-jet printing, or droplet-based biodiagnostics where the estimations can provide criti-
cal information on the base diameter or contact angle of the droplet at a specific time.

In the current work, behavior of a sessile droplet transitioning from a single fluid into
a binary mixture following transfer of a second component from the atmosphere is stud-
ied through data-driven techniques. The model demonstrated promising performance
detecting the regime of droplet evolution, the humidity level surrounding droplet, and
time evolution of diameter and contact angle. The current case study demonstrates the
capability of the proposed model to analyze complex interfacial fluid mechanics problems
through machine learning algorithms. Although we have estimated four parameters of
droplet evaporation by this model, these kinds of techniques can be expanded to perform
a wide range of estimations. Our preliminary study opens up new ways to study binary
or multi-component droplet evolution which might lead to better analyzing the complex

physics of the problem.
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4,5 Methods

4.5.1 Experimental Setup and Procedures

The experiments are carried out in a chamber (with dimensions 127 x 127 x 76 mm?®) of
drop shape analyzer (DSA 100) from KRUSS. The relative humidity inside the chamber is
controlled and the temperature is kept at room temperature (i.e. 23 °C). The bottom side
of the chamber is equipped with a Peltier plate (electrical system and a temperature bath)
to control the substrate temperature. The top of the chamber has a small hole for pass-
ing the syringe. Both sides of the chamber have transparent windows for visualization
purposes. A LED light is used for illumination and a CCD camera is utilized to capture
the time evolution of droplet profile (Fig. .1a). The whole setup is mounted on an anti-
vibration table to eliminate environmental disturbances.

Methanol is purchased from Fisher Scientific with a purity of 99.8%. The glass substrates
are coated with a very thin PDMS (polydimethylsiloxane) layer to achieve spherical and
reproducible droplets with measurable contact angles. In order to ensure that methanol
does not interact with the PDMS coating, multiple methanol droplets are successively de-
posited at the same location on the substrate and let evaporate. No change is observed in
the initial contact angle of droplets or in their evolution during evaporation. The relative
humidity inside the chamber and the temperature of the substrate are set to desired val-
ues and enough time is passed to make sure quasi-steady state is achieved. Three values
of relative humidity: 20%, 50%, and 80% alongside three values of substrate temperature:
15°C, 23°C (room temperature), and 35°C are tested. A drop of methanol is gently de-
posited on the glass substrate. Droplet volume is under 5u! in order to keep droplet size
below capillary length. The corresponding volume to the capillary length for methanol

droplet is around 45 ul. The evaporation process of methanol droplet is recorded by the
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CCD camera at 50 frames per second. All experiments under each relative humidity and
substrate temperature condition are repeated five to ten times to ensure the reproducibil-
ity of the data. A KRUSS Drop Shape Analyzer software is utilized to measure the time
evolution of contact angle (), base diameter (D), and volume (V). Due to the observed
differences between the right and left contact angle values, elliptical fit is used for contact
angle and volume measurements. For better analysis of droplet behavior, all dimensional
parameters are nondimensionalized as followed: D* = D/Dy, V* = V/Vy, t* = t/t Iz
where Dy, V), and ¢t 5 are initial diameter, initial volume, and total evaporation time, re-

spectively.

4.5.2 Data Acquisition

The data for the model is generated by experiments of methanol droplet evaporation
under various environmental conditions. Nine different conditions are created by a com-
bination of three levels of surrounding relative humidity: 20%, 50%, and 80% with three
substrate temperatures: 15°C, 23°C, and 35°C. For each of these nine conditions, the rel-
ative humidity in the chamber and substrate temperature is set to the desired values and
enough time is passed to ensure quasi-steady state. Then a droplet of methanol is gently
deposited on the substrate and the evolution of droplet base diameter, contact angle, and
volume is recorded over time with a CCD camera of Drop Shape Analyzer (see Figl4.Th
inset). Each point in time with corresponding contact angle, diameter, and volume is

considered a data point for the model.
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4.5.3 Data Partitioning and Processing

The data generated under nine different conditions mentioned in the previous section are
used to train, test, and validate the model. The droplet evaporation experiments for each
of these nine conditions are repeated five to ten times to make sure that the results are
consistent and reproducible. We carried out 60 droplet evaporation experiments under
these nine conditions which created a total number of 10,850 data points that are used
for training, testing and validating the model. There are additional 761 data points that
are used to assess the performance of the model at the final step. The environmental
conditions under which these data points are generated are completely different than the

other 10,850 data points used for training, testing, and validating the model.

4.5.4 Training and Testing

The data for training, testing, and validation are generated by methanol droplet evapo-
ration under nine different conditions which are the combinations of three levels of sur-
rounding humidity: 20%, 50%, and 80% with three substrate temperatures: 15°C, 23°C,
and 35°C. The behavior of droplet under the same condition is similar between experi-
ments however it is not exactly the same due to microscopic defects of the surface, initial
conditions, etc. The data from a single experiment is held out at the beginning of training
as a validation set. The remaining data from 59 experiments is partitioned into a train-
ing set and a test set with 80-20% ratio. It should be noted that multiple training to test
set ratios are examined to ensure the convergence of the model which is discussed in the

"Performance Criteria" section.
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4.5.5 Cross Validation

A 10-fold cross-validation is carried out. The results for the test set show one of 10 scenar-
ios from the test set. Cross-validation is performed to ensure all the results for training

and test set are similar to each other and there is no anomaly in the data.

4.5.6 Validation

Once the model is trained and tested, it is then examined on the validation set that was
held out at the beginning of training. The validation set that is kept out is the data per-
taining to one whole experiment out of 60 experiments. This means that the model has
not seen the data for the specific experiment in the validation set. Validation is performed
to specifically evaluate the performance of the model under each specific condition of sur-
rounding humidity and substrate temperature. This procedure is repeated 60 times until
each experiment is held out once and validated. Validation results are averaged over all

experiments under each specific RH and T condition.

4.5.7 State Estimation

There are additional 761 data points, called estimation set, that are generated by four ex-
periments of methanol droplet evaporation. It must be noted that the machine has not
seen any data of droplet evaporation under these new conditions. The data in the esti-
mation set does not contribute to the framework during training, testing, or validation.
The surrounding humidity and substrate temperature for these new conditions are ran-
domly selected to be in the range within which the model is trained (i.e. 20%<RH<80%
and 15°C<T<35°C).
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4.5.8 Performance Criteria

The performance criteria of the model are reported by standard metrics. For classifica-
tion, the confusion matrix of the model is used as well as the precision, recall, F-score,
and overall accuracy values for each regime. For validation, the accuracy values are the
same as recall values for each combination of RH and T because there is only one true
regime for each validation set. For regression methods, coefficient of determination (R?)
is reported to show how well the model fits the data in the training set. For RH testing,
validation, and estimation, the actual RH of the environment is compared against the
estimated value of RH. When D* (or 8*) is the target variable, the test results are demon-
strated as estimated values versus actual values. The validation and estimation results
are reported by R? that shows the quality of the fit; the proportion of variance in the tar-
get variable which is predictable from the input variables; and root mean squared error
(rmse) which represents how much the estimation is off on average when estimating the
average target variable. We have also tested the model convergence for both classifica-
tion and regression algorithms. We trained the model by considering only fractions of the
available data i.e., 80%, 70%, 60%, and 50%, and observed that the results for the test set
remain unchanged. This proves the fact that the number of data points used for machine

learning of this specific problem is converged.

4.5.9 Classifiers

We have used Naive Bayes Classifier [16, 51, 52, 53] as a simple and easy-to-interpret
algorithm. Since the algorithm is simple, there is less chance for over-fitting the data,

it is faster and needs a smaller memory footprint. However, the restrictive underlying
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assumptions compromise its accuracy for real case scenarios when the variables are not
fully independent of each other.

Bagged Decision Tree [91} 72, |67] with 250 trees is also used. It is a powerful classifier
with built-in support for cross-validation and a specialized function to measure feature
importance. However, it results in complex models that are not very transparent. It is

often hard to understand how it makes estimations.
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Chapter 5

Onset of Ouzo Effect in Evaporative
Mixture Droplet: Relative Humidity and

Substrate Temperature Considerations
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5.1 Abstract

Droplet evaporation is an omnipresent phenomenon in nature as well numerous indus-
tries ranging from microfabrication to biodiagnostics. Many factors such as liquid /substrate
properties as well as environmental conditions affect the evolution of droplet. In this
work, we have experimentally investigated the effect of relative humidity of the envi-

ronment on evolution of a methanol-anise oil mixture droplet. We show that the initial

78



binary droplet turns into a ternary droplet due to absorption/adsorption and/or conden-
sation of water vapor into droplet. The onset of nucleation of oil microdroplets in droplet
and formation of an oil ring is highly dependant on the relative humidity. The lower the
relative humidity, the later the onset of nucleation. Furthermore, we tried to control the
water uptake to the droplet by changing the substrate temperature. Increasing the sub-
strate temperature had two effects. First the interface temperature remains above the due
point temperature and condensation of water vapor is limited. Second the faster evapora-
tion of droplet reduces the total amount of water uptake to the droplet. Additionally, we
have coupled infrared thermography with optical microscopy. Our observation revealed
that the hydrothermal waves, that are the result of surface tension gradient and presence
of methanol, reduce over time by water uptake into droplet. The results of this work open
up easy and inexpensive method to alleviate the unwanted effects of environment on the
final products of coating techniques such as light emitting diods (LEDs), microfabrication

techniques, and droplet based biosensors.

5.2 Introduction

Droplet evaporation is an omnipresent phenomenon in nature as well industries such as
spray cooling, ink-jet printing, microfabrication, biodiagnostics, DNA mapping, agricul-
tural irrigation and crop dusting [63} 10, 62, 5, 22,147, 60, 85, 83, 88, 58, 41, 93} 34]]. Sessile
droplet evaporation and the challenges it presents has caught scientific attention for over
two decades now [17} 81, |14, 3, 4, 96]. Whenever there is a spillage of coffee or any other
beverage, the stains remaining on the surface after droplet evaporation have darker pe-
riphery compared to the center. This well-known coffee-ring effect was explain by the

original work of Deegan et al. [24]. They revealed that the distribution of evaporative
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flux is not distributed uniformly along the liquid-gas interface, rather it increase with
radial position. In fact, the higher evaporative flux occurs at the contact line (or triple
line) where all three phases of solid, liquid, and gas meet. The maximum evaporative
flux at the contact line creates an outward radial flow inside the droplet which brings the
liquid and potential particles to the edge to replenish the lost liquid due to evaporation.
Later on, Hu and Larson [40] experimentally, theoretically, and numerically calculated the
evaporation rate of sessile water droplets. Multiple factors influence the evaporation of a
pure liquid droplet such as substrate temperature [57], environment pressure [74], surfac-
tant concentration [77], substrate thermal conductivity [69, 21, 87], and surrounding gas
[76].

Although the evolution of a single component droplet is mainly understood, the physics
becomes complex when there is more than one component in the droplet. Three stages
were reported for evaporation of water-ethanol mixture droplets where the first stage cor-
responded to evaporation of a more volatile component while the last stage was responsi-
ble for evaporation of a less volatile component. The middle stage was a transition stage
where the contact angle experiences a rise [75]. The humidity of the surrounding plays a
crucial role in evaporation of a binary sessile droplet. Sefiane et al. [78] and Liu et al. [55]
both reported a rise in contact angle of binary mixtures which suggested possible conden-
sation of water on droplet. Adsorption of water in ethanol and ethanol/water mixtures
is also reported by time-resolved infrared spectroscopy [42]. Three different techniques
of optical visualization, infrared thermography, and acoustic high-frequency echography
were employed in a comprehensive study [18] to examine the evaporation of butanol,
ethanol, water/butanol, and water/ethanol droplets. Their results showed that due to

the high hygroscopic power of ethanol, the humidity of the environment had a noticeable
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effect on the evolution of pure ethanol droplets. Heterogeneous thermal patterns along-
side the evolution of acoustic reflection coefficient proved that ethanol droplet undergoes
continuous water loading. The combined influence of ambient temperature and relative
humidity on early stages (i.e. pinned contact angle) of ethanol droplet was also examined
[32]. In another study [50] the water loaded onto ethanol droplet was quantified by gas
injection chromatography (GIC) under controlled ambient temperature and relative hu-
midity. The observed reduction in ethanol concentration was attributed to both ethanol
evaporation as well as water intake on the drop. They concluded that at low relative hu-
midity the main mechanism for water intake was that of adsorption-absorption, though
at high relative humidity water condensation plays a more dominant role. While the
changes in relative humidity are commonly imposed environmental conditions, control-
ling ambient temperature to tune the effect of humidity is rather an expensive method for
practical applications. The effects of relative humidity on methanol droplet evaporation
was regulated by adjusting the temperature of the substrate [1, 2] which is less expensive
compared to controlling ambient temperature. It was concluded that increasing substrate
temperature maintains the liquid-gas interface temperature above the dew point which in
turn limits the water condensation on the drop. A regime map was also proposed based
on droplet evolution under various environmental conditions.

Multi-component droplets are present in most of the industrial applications. Ternary
droplet and their evolution has been studied recently and showed very rich dynamics [92,
25,54, 56]. In the previous ternary droplet studies, it was shown that the phase separa-
tion (nucleation of oil microdroplets) is triggered by preferential evaporation of the most
volatile component. In this work we study the effect of relative humidity of the surround-
ing on the evolution of a binary droplet. We show that the nucleation of oil microdroplet

can also be initiated by the absorption/adsorption and/or condensation of water vapor
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present in the environment. Furthermore, we show how to control this effect by simply
changing the substrate temperature. The results of this study is of great importance for in-
stances when the operating liquid consists of some kind of oil and organic solvent and the
water uptake results in undesired finished products. We show that tuning the substrate
temperature can alleviate the unwanted effects of humidity. This is a cost-effective and
more practical approach than controlling the humidity of the environment as it might be
very costly to control the humidity of a large area or even impossible to fit the machines
or even unsafe to do so.

In the present work, we first show the evaporation of methanol-anise oil mixture
droplet under different relative humidity values and discuss the involved mechanisms.
Subsequently, we show the side view and infrared (IR) visualization of evaporation of bi-
nary droplet under different relative humidity and substrate temperature. We show that
the formation of ring is not only the function of relative humidity but substrate temper-
ature as well. It should be noted the IR visualization of a ternary droplet has been done

for the first time.

5.3 Experimental Methods

The schematics of the two setup that we use in this study are shown in Figure Ex-
periments are carried out in a temperature and humidity controlled chamber (with a di-
mension of 127 x 127 x 76 mm?®) of drop shape analyzer (DSA 100) from KRUSS. The
relative humidity (RH) and ambient temperature (T,.,;,) in the chamber were controlled
between 20% and 80% and at 25 °C. For the effect of relative humidity at room tempera-
ture, the microscope is mounted on top and the evolution of droplet is recorded from the

top. No temperature is imposed on the substrate. For the study of the combined effect of
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substrate temperature and relative humidity, the bottom side of the chamber is equipped
with a Peltier plate with temperature control. The tested substrate temperature (Tsypstrate)
is between 15 °C and 35 °C. We have used both infrared (IR) camera and a CCD camera to
simultaneously visualize droplet evolution from top and side. The infrared camera is fit
to the top side of the chamber in a way that there is no large opening in the chamber for
controlled humidity purposes. The needle was fitted in the chamber at an angle through
a small hole at the top side. The DSA 100 equipment is placed on an optical anti-vibration
table to eliminate environmental disturbances.

0.6 ml of anise oil is dissolved in 10 ml of methanol. The glass substrates are coated
with a very thin PDMS (polydimethylsiloxane) layer to achieve spherical and reproducible
droplets with measurable contact angles. The temperature and relative humidity of the
chamber as well as substrate temperature are set to desired values. Enough time is al-
lowed for the chamber and substrate to achieve quasi-steady state. Drops of methanol
with specified volume are deposited on the coated substrate and let evaporate under the
set conditions. Evolution of the drop is recorded with DSA 100 camera from the side
at 50 frames per second and with IR camera from the top at 11 frames per second. Post-
processing for optical microscopy is done with DSA Advanced software to study the time
evolution of droplet contact angle (6), base diameter (D), and volume (V). Elliptical fit-
ting is used to compute the volume and contact angle of the droplet due to the observed
differences in right and left contact angle. Post-processing for IR thermography was car-
ried out with FLIR ResearchIR Max software. In order to confirm that methanol did not
interact with the coating on the substrate, multiple droplets are repeatedly deposited at
the same location. No change is observed in their initial contact angle or evolution dur-
ing evaporation. The deposited droplet volumes are all smaller than 10 u!/ in order to

keep the droplet size lower than the capillary length. The corresponding volume to the
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FIGURE 5.1: Schematic of experimental setups: a) optical microscopy from
the top for studying the sole effect of humidity; b) simultaneous optical
visualization from the side and infrared thermography from the top for

studying the combined humidity and substrate temperature effect.

capillary length for methanol is around 45 ul.All experiments were repeated five times
to ensure reproducible data. Base diameter (D) and volume (V') are normalized by their
initial valuesi.e. D* = D/Dg and V* = V /Vj;, while the time ¢ is nondimensionalized by

final evaporation time of the droplet t* = t/ty.

5.4 Results and Discussion

Anise oil is soluble in methanol and results in transparent mixture. When a droplet of

the mixture is deposited on a substrate, the volatile component which is methanol starts
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to evaporate. Methanol is highly hygroscopic which means it dissolves water or water
vapor. Therefore when a methanol and anise oil mixture drop is sitting on surface, the
droplet absorbs/adsorbs water vapor present in the environment. Additionally, the gas-
liquid interface temperature drops due to the evaporative cooling effect. If the interface
temperature goes below the dew point, water vapor in the surrounding condenses on the

droplet. These are the two mechanisms for water uptake in the droplet as it evaporates.

5.4.1 Relative Humidity Effect at Room Temperature

First, the sole effect of relative humidity is investigated using the setup shown in Fig-
ure a. Three different values of relative humidity, i.e., 20%, 50%, and 80% are set
and the evolution of droplet is recorded with the microscope on top. The successive
images of droplet evolution under each relative humidity level of surrounding is demon-
strated in Figure[5.2la-c. When a drop of methanol and anise oil is deposited on the sub-
strate, methanol start evaporating. At low relative humidity (RH = 20%), even though
the amount of water vapor present in the air is low, due to high hygroscopic properties
of methanol, the droplet absorbs/adsorbs some water. By both evaporation of methanol
and water uptake on the droplet, the concentration of methanol decreases and thus the
solubility of the liquid for anise oil. This results in the nucleation of oil microdroplets at
the periphery of droplet. These microdroplets coalesce and creates an oil ring which oc-
curs around 103 seconds. This oil ring takes on a shape of polygon until it transform into
a triangle. This triangular middle section shows brighter corners ( 135 s) which suggests
some localized internal flow at the corners. This localized internal flow has also been
reported in non-circular droplet evaporation [71] as well as liquid-liquid phase separa-
tion inside aqueous droplets during molecule compartmentalization [35]. This triangular

mid-section evolves into a circular shape and reduces in size as time progresses.
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When relative humidity of surrounding is increased to 50%, the onset of the oil ring
happens sooner. Under this condition, nucleation of oil microdroplets creates an opaque
white middle section before turbulence starts at 83 s (see Figure [5.2). Oil microdroplets
in the middle section merge together and then larger and larger oil droplet become no-
ticeable at the middle section (88 s and 96 s). These large oil microdroplets gradually find
their way to merge into the oil ring at the periphery. The middle section goes through a
couple turbulence cycles until the middle section starts shrinking and evaporation stops.
The remaining of droplet on the substrate mainly consists of anise oil.

If the relative humidity of the environment is increased even further (RH = 80%), much
brighter middle section is observed at even earlier time of droplet lifetime (46s). This is
due higher water uptake into the droplet which results in sudden nucleation of oil micro-
droplets. Microdroplets create an emulsion in the droplet scattering the light. The more
microdroplet nucleated, the more light scattering and the brighter the middle section. Af-
ter the bright middle section, the process is similar to RH of 50% where larger oil droplets
are observed and they eventually merge to the oil ring. Unlike RH of 50% where the mid-
dle section disappears at the end, for RH of 80% the middle section plateaus to the specific
size and do not change afterwards. This is due to the higher humidity of the surrounding
where the water up taken by the droplet comes into equilibrium with surrounding. This
behavior has been seen before at higher relative humidity values for binary droplet in
chapter 2.

Figure 5.2ld demonstrates the time evolution of the areas of droplet, oil ring, and the
middle section over time. It is seen that increasing the humidity results in appearance of
the oil ring at earlier times. It is also observed that for RH of 20% and 50%, the area of
the middle section goes to zero. However, for RH of 80%, the area of the middle section

plateaus to a non-zero value. The effect of early onset of the oil ring is also shown by
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the ratio of droplet diameter at the onset of the oil ring to droplet initial diameter (see
Figure The values are averaged for five droplets. It is seen that the for higher relative
humidity the ratio of diameter is higher which corresponds to earlier times in droplet

evaporation.

5.4.2 Combined Effect of Substrate Temperature and Relative Humid-

ity of Surrounding

In order to investigate the combined effect of substrate temperature and relative humidity
of surrounding, the set up shown in Figure 5.1]b is used. The CCD camera from the side
gives information of time evolution of base diameter, D, contact angle, 6, and volume, V,
of droplet while the information on thermal patterns on the droplet is recorded with the
IR camera from the top. Three different levels of relative humidity (20%, 50%, and 80%)
and three different values for substrate temperature (15°C, 25°C or room temperature,

and 35°C) are used.

Optical Visualization

The time evolution of droplet base diameter as well as the diameter of the mid section and
contact angle of droplet as well as the contact of the middle section on top are presented
in Figure[5.4{for nine different condition of RH and T. We have superimposed the optical
images with infrared images to accurately measure the diameter and contact angle of the
mid section (shown in Figure[5.5). It is seen (Figure that for higher relative humidity
of surrounding and lower substrate temperatures the onset of the oil ring occurs earlier
in droplet evaporation (i.e., higher values of Doyst/D and lower values of ty,set/t f). It

should be noted that no value is reported for et/ t 1 for RH = 80% and T = 35°C, the
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FIGURE 5.3: Dimensionless diameter of droplet at the onset of oil ring for

different relative humidity of surrounding
lower left plot in the figure. The reason is due to the fact that the middle section comes
to equilibrium with surrounding and the data recording is stopped. A value for t,,set/t ¥
based on the recording time span for this particular experiment would not reflect the
underlying physics and would be a misleading value. It is observed that the latest occur-
rence of the oil ring happens for the highest substrate temperature and lowest humidity
level (the top-right plot in Figure5.4).

The maximum contact angle of the middle section, 6;,,,, is also measured and re-
ported in Figure The higher the value of maximum contact angle, the higher the
water concentration in the middle section. As it is explained in Chapter 2 of this disserta-
tion, increasing the substrate temperature has two effects on droplet evaporation. First, it
increases the temperature of the liquid-gas interface above the due point temperature that

lowers the possibility water vapor condensation at the interface. Second, it reduces the

lifetime of droplet which restricts the amount of water vapor being absorbed /adsorbed
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FIGURE 5.5: Ternary methanol-anise oil-water droplet at RH = 80% and
T = 15°C; a) CCD camera side view, b) IR camera top view.
into droplet. Consistent with the above explanation, it is seen that the highest value for
05y = 53°Cis for RH = 80% and T = 15°C and the lowest value is for 0;,,, = 17°C is
for RH = 20% and T = 35°C.

Infrared Thermography

Organic liquid droplets develop thermal-convective instabilities driven by evaporation.
These instabilities are referred to as hydrothermal waves that are caused by surface
tension gradients along the liquid-gas interface. It has been reported that as water gets
into ethanol droplets, these hydrothermal waves disappear 18]. These instabilities
are not observed in water and the reason is not yet fully understood. It is attributed to
the fact that air-water interface easily gets contaminated and it might be a reason for the
absence of these waves in water droplets. Therefore, in our study, the presence of the
hydrothermal waves are used as indirect measure for the concentration of methanol in

droplet. These waves are formed near to the triple line and move in azimuthal direction.
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It is seen that the evolution of the number of waves goes under three different stages.
Initially the waves are distributed in an organized manner at droplet periphery and the
number of waves decreases (0 to 3 s in Figure 5.6la) until it reaches a state of a plateau.
During this stage, the shape of the waves become irregular and their number stays rela-
tively constant (3 to 60 s in Figure[5.6|a). At the last stage, the waves transform into slow
moving cells ad their number decrease until their disappear (60 to 100 s in Figure [5.6la).
Under two condition of RH = 20%, T = 15°C and RH = 50%, T = 15°C, the turbulence
inside droplet is observed as secondary waves. These secondary waves show up the pe-
riphery of the middle section and follow the similar three stage evolution of the primary
hydrothermal waves (see Figure[5.6b). To the best of our knowledge, these waves are not
reported in the literature previously. We think they might be the disturbances in the mid-
dle section due to oil microdroplet nucleation and merging to the oil ring that disturbs
the thermal pattern in the drop.

The time evolution of the number of waves for all nine conditions of RH and T are
shown in Figure The initial decrease in the number of waves are very sharp and
seems to be following a power law. The inset of the profiles zoom on the initial drop in
the number of waves in log-log scale. The data in the log-log scale can be fit by a linear
line which confirms the reduction in number of waves with a power law. These results are
in agreement with the evolution of the number of waves at the initial stage of evaporation
of ethanol droplet in study by Sobac and Brutin [86]. The middle stage where the number
of waves stay relatively constant are fitted by a horizontal green line. The inclined green
lines represent a fitted line to the number of waves at the last stage. It can be observed
that the number of waves in all stages are relatively higher for higher temperatures. It is
also evident from the two plots in RH = 20%, T = 15°C and RH = 50%, T = 15°C,

that the lifespan of the secondary hydrothermal waves are much shorter than the primary
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ones.

As the size of droplet and its base diameter increases, the number of hydrothermal
waves forming near droplet periphery rises. The nature of these hydrothermal waves are
the thermal instabilities that are caused by surface tension gradient. Surface tension is
dependant on temperature of the interface as well the concentration of each component.
We have also noticed that higher humidity of the environment results in more water up-
take on the droplet and therefore faster disappearance of the thermal waves. Figure

illustrates that all data collapse using the following function:

N = f((RH(%))b) 5.1)

Using the following scaling and the constant from fitting the data, the number of
waves is calculated:
do,, AT

No = 713(22)(

t\\—0301
) (RH(E) 52

where dy, L., AT, T,,,;, are the initial base diameter, capillary length, temperature dif-
ference between the apex and close to contact line of droplet, and ambient temperature.
A similar scaling for the vertical axes has been used in a previous work by Sobac and
Brutin [86]. It is interesting to see that the effect of surrounding humidity, effects the time
axes for the physics of hydrothermal waves rather than the number of waves. The scal-
ing used for Figure |5.§|is in accordance with the physics of evaporation. The larger the
temperature difference between the apex and periphery of droplet, the stronger the sur-
face tension gradients and the more noticeable the thermal instabilities as hydrothermal

waves.
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FIGURE 5.7: Number of hydrothermal waves (HTWs) versus time at
different relative humidity (RH) of surrounding and substrate temperature
(T); inset shows the early sharp decline in number of waves in log-log scale.
The markers are similar to Figure@

95

80 90100



100 - =
—_ L .
g 7 ‘
~> Z' i

E _
—
o 4_ i
~
= ® RH=20%;T=15°C S G
Nag 3+ W RH=20%; T=25°C b L E
@ A RH=20%;T=235°C 4
d ¥ RH=50%;T=15°C
S, o+ RH=50%T=25%C |
Z X RH=50%;T=235°C
4 RH=80%;T=15°C
» RH=80%;T=25C
& RH=80%;T=235°C
10 ool 1 1 MR 1 1 MR
6 4 2 3 456 5 2 3 456 5
10 10 10
RH (tt)

FIGURE 5.8: Scaled number of hydrothermal waves versus scaled
normalized time for various relative humidity of surrounding and substrate
temperatures in log-log scale. Experimental data (different shades and
symbols) and fit by power law Ny, = a(do/Lc)(AT/ Typ) (RH(t/tf))b with
a=713and b = —0.301.

96



5.5 Conclusion

The Ouzo effect is studied in evaporating methanol-anise oil mixture droplets under var-
ious relative humidity of surrounding and temperature of substrate. Two different exper-
imental setup are used in order to perform the study. First, the sole effect of humidity
on evaporation of droplet is recorded from the top by an optical microscope. Our results
revealed different mechanisms during droplet evaporation. A polygon middle section is
formed at low humidity levels transforming into triangular mid-section. Strong localized
internal flow is observed at the triangle corners. At higher humidity levels, the droplet
became opaque white color which showed the nucleation of oil microdroplets. The higher
the relative humidity, the brighter the droplet gets. After this phase, large oil droplets ap-
pear at the droplet surface at the middle section. These oil droplets merge together and
become larger until they merge into the oil ring at the periphery of droplet. If the humid-
ity level is so high that the up taken water onto the droplet comes to equilibrium with
surrounding, a middle section of droplet does not shrink, instead it reaches a plateau and
remains of relatively constant area. Our results also demonstrated that as the relative
humidity increases the onset of the oil ring occurs sooner in droplet lifetime.

For investigating the combined effect of substrate temperature and relative humidity
of surrounding, simultaneous optical microscopy and infrared thermography are used.
Superposition of infrared and optical images are carried out for accurate measurements
of the middle section diameter and contact angle at each time. It is observed that at higher
substrate temperature and lower relative humidity of surrounding, the water uptake is
the lowest with the lowest value for the maximum contact angle of the middle section. As

relative humidity increases or substrate temperature decreases, the onset of the oil ring
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occurs sooner with higher maximum contact angle of the middle section which repre-
sents higher water uptake. Infrared thermography revealed three stages of evolution of
the number of hydrothermal waves in the droplets. It is seen that higher substrate tem-
perature increases the number of waves in all stages. Aside from primary hydrothermal
waves, secondary waves were also observed for two conditions with much shorter lifes-
pan compared to primary hydrothermal waves. The number of hydrothermal waves and

their regularity is an indirect measure of methanol concentration inside droplet.

98



Chapter 6

Conclusion

In this dissertation, evaporation of binary and multi-component droplets have been inves-
tigated through experimental and data-driven techniques and the effects of environmen-
tal conditions such as humidity of surrounding and substrate temperature on behavior of
these droplets are tested and analyzed.

In Chapter 2, an experimental investigation is carried out to study the combined ef-
fect of substrate temperature and relative humidity of the environment on evaporation
of pure methanol droplet. While humidity of the environment is usually an imposed
condition that results in unwanted effects on behavior of droplet, controlling the tem-
perature of substrate is a low-cost and easy approach to eliminate the unwanted effects.
In this study, we tested three different relative humidity values and three different sub-
strate temperatures. It was observed that at low relative humidity of the surrounding,
droplet undergoes three stages of evaporation: constant, slightly increasing, and sharply
decreasing contact angle while volume and diameter drop continuously. No significant
effect of substrate temperature was noticed on the qualitative behavior of droplet dur-
ing evaporation at low relative humidity. Increasing substrate temperature expedites the
evaporation process and shortens the lifetime of droplet. At high relative humidity, sub-

strate temperature plays a role on the evolution of droplet. At high temperature, droplet
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experiences two stages of evaporation. The contact angle rises to a maximum value while
both volume and diameter decrease, then it drops until the end of droplet lifetime. If the
substrate temperature is low enough, the drop undergoes a single stage of evaporation
where contact angle, volume, and diameter reach plateau and droplet stops evaporating.
Water vapor present in humid environment gets adsorbed-absorbed and possibly con-
densed on the droplet. Changing the substrate temperature affects the temperature at the
liquid-gas interface. If the temperature at the liquid-gas interface drops below the dew
point at that specific relative humidity, the condensation of water takes place in addition
to adsorption-absorption of water. This will result in more water uptake on the droplet
and will change its evolution. Also, when the humidity of surrounding is high, increasing
the substrate temperature decreases the droplet lifetime that restricts the amount of water
uptake into the droplet. The maximum value of contact angle during evaporation is lower
than that of pure water which confirms the presence of residual methanol in the drop after
the first stage of evaporation. Evaporation rate enhances by increasing substrate temper-
ature and reduces by rising the relative humidity. The enhancement in total evaporation
time with increase in relative humidity is more pronounced for lower substrate tempera-
ture. This is due to the lower dew point temperature at higher relative humidity as well
as lower liquid-gas interface temperature which augments the condensation of water on
the droplet. The initial evaporation rate is found to be independent of relative humidity
of surrounding. A regime map was suggested based on different evolution of droplet
under different conditions of surrounding and substrate. The presented approach sug-
gests that the unwanted environmental effects on droplet evaporation can be alleviated
and controlled by tuning the temperature of the substrate. The idea can be applied to any
industrial application involving droplet evaporation such as ink-jet printing, fabrication

techniques, etc.
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In Chapter 3, machine learning and data-driven technique are employed to detect
the humidity of surrounding by analyzing the evolution of macroscopic parameters of
droplet during evaporation. Two different classifiers have been tested: Naive Bayes and
bagged decision tree. Three models were built based on input variables. Model a only
contains dimensionless contact angle and time as features, however models b and c in-
clude extra information on temperature and diameter in dimensionless and dimensional
format, respectively. As expected, bagged decision tree Classifier produced more accurate
results with all three models compared to Naive Bayes. Model b and ¢ produce more ac-
curate results compared to model a for decision tree classifier. However, the performance
of Naive Bayes does not improve from model a to models b or c. Since decision tree
has more robust algorithm, it benefits from extra information given to the classifier (i.e.,
model b or ¢ compared to model a), however Naive Bayes classifier does not make use
of extra information provided to the classifier. Further examining the predictions made
by Naive Bayes revealed that the algorithm defines threshold values for contact angle.
However, it was not so transparent how Bagged Decision Tree was making predictions.
The effect of input data distribution was examined with both algorithms and all three
models. It was observed that Bagged Decision Tree was very stable and did not change
by altering the input data distribution. Models b and c of Naive Bayes were also quite
intact by input data distribution. Nevertheless, the results of model a with Naive Bayes
Classifier changed substantially by input data distribution. The reason is changing input
data distribution changed the threshold values for contact angle. Therefore, the accuracy
for RH = 20% decreases while it increases for RH = 50%.

In Chapter 4, we further analyze the behavior of sessile droplet evaporation that start

101



with a single component and evolves into a binary system. Machine learning, classifica-
tion and regression, techniques have been used to estimate the regime of droplet evapora-
tion as well as humidity of the surrounding, and evolution of diameter and contact angle
over time. Point-by-point analysis of droplet profile enables time-dependent estimations
given a limited number of data points. This means that the model does not need the entire
evolution profile of a droplet to make an estimation. Instead, only a few (or even a sin-
gle) data points are (is) sufficient for estimation, although more data points result in more
accurate estimation. The model estimation capability is then assessed on the data that do
not contribute to training, testing, or validation. Two different classifiers are utilized to
estimate the regime of droplet evaporation. NB is chosen as a simple easy-to-interpret
algorithm, while DT serves as a more powerful algorithm. As expected, DT outperforms
NB due to a more robust internal structure at the expense of computational cost and trans-
parency. Both classifiers showed impressive performance (minimum 75% accuracy) on
estimating the regime of droplet. Knowledge on droplet evaporation regime is necessary
for compatible designs in numerous industries such as droplet-based biosensors or ink-
jet printing. Additionally, level of surrounding humidity, time evolution of droplet base
diameter, and time evolution of droplet contact angle are estimated through regression
techniques. Polynomial regressors, as well as regression tree, are trained through point-
by-point analysis of droplet evolution. The model performance improved by increasing
the order of the polynomial and using regression tree for training, test, and validation
sets. However, when estimating the new conditions unseen by the model, fourth-order
polynomial and regression tree suffered from data over-fitting. The best performance of
the model is achieved by third-order polynomial. In general, the model estimation results
are more accurate when estimating diameter evolution compared to contact angle estima-

tion. This is due to smoother, hence easier to estimate, evolution of diameter with time.
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The sharp changes in 0* under different conditions make the estimation of its evolution
challenging for the model. Information of this type is of great importance for technolo-
gies such as ink-jet printing, or droplet-based biodiagnostics where the estimations can
provide critical information on the base diameter or contact angle of the droplet at a spe-
cific time. In the current work, behavior of a sessile droplet transitioning from a single
fluid into a binary mixture following transfer of a second component from the atmosphere
is studied through data-driven techniques. The model demonstrated promising perfor-
mance detecting the regime of droplet evolution, the humidity level surrounding droplet,
and time evolution of diameter and contact angle. The proposed method to study the
dynamics of droplet evaporation through machine learning techniques can be expanded
to analyze the complex physics underlying interfacial fluid mechanics.

In Chapter 5, evaporation of a ternary droplet is studied experimentally. Droplet
evaporation starts as a binary, methanol -anise oil, droplet and evolves into a ternary
droplet consisting methanol-anise oil-water. Since anise oil is soluble in methanol and
non-solvable in water, the capability of the mixture to dissolve anise oil decreases by
increasing water concentration. This will result in oil microdroplet nucleation creating
an emulsion that is called Ouzo effect. The mixture will appear milky white due to the
scattering of light by microdroplets. The combined effect of surrounding humidity and
substrate temperature is investigated. Two different experimental setups are used in or-
der to perform the study. First, the sole effect of humidity on evaporation of droplet is
recorded from the top by an optical microscope. Our results revealed different mecha-
nisms during droplet evaporation. A polygon middle section is formed at low humidity
levels transforming into triangular mid-section. Strong localized internal flow is observed
at the triangle corners. At higher humidity levels, the droplet became opaque white color

which showed the nucleation of oil microdroplets. The higher the relative humidity, the
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brighter the droplet gets. After this phase, large oil droplets appear at the droplet surface
at the middle section. These oil droplets merge together and become larger until they
merge into the oil ring at the periphery of droplet. If the humidity level is so high that
the up taken water onto the droplet comes to equilibrium with surrounding, a middle
section of droplet does not shrink, instead it reaches a plateau and remains of relatively
constant area. Our results also demonstrated that as the relative humidity increases the
onset of the oil ring occurs sooner in droplet lifetime. For investigating the combined ef-
fect of substrate temperature and relative humidity of surrounding, simultaneous optical
microscopy and infrared thermography are used. Superposition of infrared and optical
images are carried out for accurate measurements of the middle section diameter and
contact angle at each time. It is observed that at higher substrate temperature and lower
relative humidity of surrounding, the water uptake is the lowest with the lowest value
for the maximum contact angle of the middle section. As relative humidity increases or
substrate temperature decreases, the onset of the oil ring occurs sooner with higher maxi-
mum contact angle of the middle section which represents higher water uptake. Infrared
thermography revealed three stages of evolution of the number of hydrothermal waves
in the droplets. It is seen that higher substrate temperature increases the number of waves
in all stages. Aside from primary hydrothermal waves, secondary waves were also ob-
served for two conditions with much shorter lifespan compared to primary hydrothermal
waves. The number of hydrothermal waves and their regularity is an indirect measure of
methanol concentration inside droplet.

In conclusion, in the present dissertation, the physics of binary and multi-component
sessile droplet evaporation is studied experimentally and through data-driven and ma-
chine learning techniques. We have shown that the unwanted effect of humidity of sur-

rounding can be reversed by tuning the temperature of substrate for both binary and
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ternary droplets which suggests a low-cost and easy to implement approach for the qual-
ity of final products in numerous industries such as biodiagnostics, microfabrication,
printing, and irrigation. We have also developed machine learning algorithms to ana-
lyze the behavior of binary sessile droplet. Our results and conclusion introduce a great
potential in opening up new ways to study and analyze the intricate physics underly-
ing interfacial fluid mechanics. Our simultaneous optical microscopy and infrared ther-
mography for ternary droplet evaporation revealed interesting physics of hydrothermal
instabilities known as hydrothermal waves. Even thought extensive research has been
performed in the field of interfacial fluid mechanics and sessile droplet evaporation, fully
understanding the underlying physics of evaporation needs more sophisticated equip-
ment. Also, the advances in the field of data-science show great potential in analyzing

such complex phenomena which still needs to be explored.
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Appendix A

Empirical Model on Methanol Droplet

Evaporation

A diffusion-limited model employed in this work based on the assumption that the evap-
oration from the droplet is quasi-steady and limited by the diffusion of vapor in the sur-
rounding gas. It is also considered that the size of droplet is small enough to neglect the
gravitational effects. The geometry of the model is illustrated in Figure in cylindrical
coordinates. The free surface of droplet, z = h(r, t), is a spherical cap with radius R = R(t)

(R>R), contact radius R = R(¢) (R > 0), and contact angle 8 = 0(t) (0 < 0 < 7) given by

R
sin 0

h = —Rcosf £ v/ R? — r2, whereR =

(A1)

When /2 < 0 < m, the non-negative part of I given by the above equation is a
double-valued function of r for R < r < R, with plus and minus signs corresponding to

the upper and lower hemispheres. The volume of droplet, V is given by

7R3 sin 6(2 + cos 9)

3  (1+cosf)? (A2)

R
V:27T/ hrdr =
0

and the initial volume of droplet is given by
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Free
Surface

FIGURE A.1: a) Geometry of the mathematical model. Free surface of
droplet, z = h, is a spherical cap with radius R, contact radius R, and contact
angle . The arrows show the evaporative flux from the free surface of the
droplet into the surrounding gas. Adapted from Stauber et al. [89].

7R3 sin 6y (2 + cos )

Vo =
0 3 (14 cosfp)?

(A.3)

The droplet evaporation rate is estimated with Popov’s evaporative model for a mov-
ing contact line [65, 89] as:

dt 0 (1+ cos6)? (A4

where D is the diffusion coefficient of methanol in air, and p is the density of liquid

droplet. csyr and c are the saturation concentration of methanol and concentration of
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methanol far away from the interface, respectively. g(#) is a function that takes into ac-

count the non-uniform diffusion along liquid-gas interface and is given by:

8 cosh? 91

6
— 2 e
8(0) = (1 +cosd) {taHZ +8 0 sinh2mt

tanh[t (7T — 9)]dr} (A.5)

Vapor transport by buoyant convection is assumed to be negligible [87]. The influence
of evaporative cooling of the droplet on evaporation rate is also neglected. The present
model assumes that vapor transport occurs mainly by diffusion of vapor. The character-
istic time for diffusion is tp = R?/D. The diffusion time for methanol or water vapor in
the air is on the order of 1072 to 10! s. It is also supposed that evaporation occurs in qua-
sisteady fashion because the diffusion time is much smaller than the average evaporation
time tp/ty ~ 10~%. This means that the vapor concentration adjusts fast in comparison
with the time needed for evaporation.

When the temperature of the substrate is the same as the temperature of the surround-
ing, both cs4t and ¢ are calculated at T,,,;,. When the temperature of the substrate is dif-
ferent from the temperature of surrounding, our model assumes that the temperature of
the liquid-gas interface is the same as substrate temperature. Assuming the interface is
isothermal at the substrate temperature (Ty,;;) is reasonable due to the difference in ther-
mal conductivity of air compared to thermal conductivity of methanol and water. Ther-
mal conductivity of both methanol and water are about an order of magnitude larger than
thermal conductivity of air. Based on Fourier’s law of conduction g = —kA‘ZZ—Z where g, k,
and A are heat flux (W), thermal conductivity (W/m.k), and area (m?), the temperature
difference between the liquid and substrate is much smaller than the temperature differ-
ence between substrate and surrounding air. This assumption has been used previously

in literature for the case of water droplet evaporating on hot substrates [87]. Therefore
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for substrate temperatures other than the room temperature the concentration difference
is calculated as Ac = csat(Tsyps) — Coo( Tamp) Where Ty, 45 and Ty, represent substrate tem-
perature and temperature of surrounding, respectively.

We have used this empirical model to calculate the time evolution of volume for
methanol droplet evaporation. The evolution of droplet base radius and contact angle
are the input for the model as well as the temperature of the substrate and surround-
ing. Figure demonstrates the volume evolution versus time for all nine RH and T
conditions. It can be seen that for all the nine conditions, the evaporation rate is under-
estimated with the model. This is due to the importance of buoyant convection in the
surrounding air. It is noteworthy that the present model does not take into account the
adsorption/absorption and possible condensation of water into droplet as well as the re-
duction in the concentration of methanol in the droplet. It is observed that for higher
levels of humidity, the model predicts shorter lifetime for droplet compared to the exper-
iments. This is due to the fact that by water uptake, the lifetime of droplet is increased

which is not accounted in the model.
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Appendix B

Ternary Diagram of Methanol- Water-
Anise Oil

Anise oil is soluble in methanol while being non-soluble in water. The solubility of anise
oil in a mixture of methanol-water decrease as the concentration of water increases. The
ternary diagram of methanol- water- anise oil is shown in Figure The mixture of anise
oil and methanol is transparent. When the water is added to the mixture, the solubility of
mixture decreases and the mixture cannot hold as much anise oil. Therefore, the excess
anise oil nucleates as oil microdroplets. The microdroplets create a suspension and the
color of the mixture become opaque white as a result of light scattering by microdroplets.
The ternary diagram for methanol- water- anise oil is shown in Figure The orange
shaded represents the region where the microdroplet nucleation, i.e., Ouzo effect, occurs.
The white region corresponds to the region where the mixture stays transparent due to

very small amount of anise oil in the mixture or very little amount of water in the mixture.
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FIGURE B.1: Ternary diagram of methanol- water- anise oil. The orange
shaded represents the region where oil microdroplet nucleation occurs, i.e.,
Ouzo effect.
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Appendix C

Empirical Model on Evaporation of

Ternary Droplet

In this section, we have developed an empirical model for time evolution of volume for
ternary droplet under nine conditions. The model is similar to the one in Appendix B for
binary droplet. The difference for ternary droplet is that anise oil present in the droplet
does not evaporate and therefore does not contribute to the evaporation rate from droplet,
however, it is measured in the experiments. Therefore, it appears as the integration con-
stant for volume of the droplet. The volume of the oil is calculated both from the mixing
ratio of the fluid for droplet as well as the volume of the remaining droplet for condition
when humidity of surrounding is low and temperature of substrate is high so that all
volatile components, i.e., water and methanol, fully evaporates. The evaporation rate is
similar to binary droplet as:
av D (Csat — €0)  Rg(0)

dar 0 (1+ cosf)? €D

where D is the diffusion coefficient of methanol in air, and p is the density of liquid

droplet. csyr and c are the saturation concentration of methanol and concentration of
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methanol far away from the interface, respectively. g(#) is a function that takes into ac-

count the non-uniform diffusion along liquid-gas interface and is given by:

8 cosh? 91

6
— 2 e
8(0) = (1 +cosd) {taHZ +8 0 sinh2mt

tanh[t (7T — 9)]dr} (C.2)

The volume of anise 0il is added as a constant when the volume of droplet calculated

as the integral of the evaporation rate as follows:

Vo mD(Csat — Coo) [ff Rg(6)
Vo v = - 0 /o (1 + cos )2 (©3)
B tD(csat — o) [1f Rg(0) o
V=W 0 /0 (1 T cos 9)2dt + Vanise oil (C4)

The evolution of methanol- anise oil droplet versus time is shown in Figure for
nine different conditions. It is seen that rate of evaporation is underestimated by the
model. This is due to the role of buoyant convection in the surrounding air which is not
taken into account in the model. It is noteworthy that even though the volume of the
anise oil is added as a constant to the volume of droplet, it still cannot predict plateau of

droplet volume at the right time.
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