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Abstract

This Ph.D. Thesis is part of a larger project aimed at developing an optical-numerical system
for the rapid identification of suspensions in microdroplets. Two elastic light scattering phe-
nomena were employed and combined with machine learning to carry out three separate ex-
perimental studies, focused primarily on characterising the properties of suspensions. The
two scattering phenomena were: (i) scattering of light by individual spherical microdroplets,
generating interference fringes, which allowed for the direct application of Lorenz-Mie theo-
ry; and (ii) scattering by an ensemble of particles undergoing Brownian motion in a liquid
medium, where time-dependent random interference patterns enabled the use of speckle
method/theory.

In applying the Lorenz-Mie theory and its corresponding experimental method, microdroplets
were produced from pure liquids, liquid—liquid mixtures, and suspensions, and were levitated
in an electrodynamic trap to measure their light scattering patterns during evaporation. A
carefully designed optical system, which enabled observation at angles close to 90°, allowed
for the acquisition of well-resolved scattering patterns from all types of microdroplets.

To train a convolutional neural network for classification tasks, a set of theoretical light scat-
tering patterns was generated over a broad droplet radius range (1-30 um). These patterns
were grouped into multiple classes defined by narrow radius intervals (initially 30 nm). The
trained network was then used to classify experimentally recorded scattering patterns from
evaporating droplets, thereby tracking the temporal evolution of their radii.

It was shown that, in the second iteration, reducing the class interval from 30 nm to 10 nm
significantly improved classification accuracy, and the error in radius estimation could be re-
duced to as low as +5 nm. Overall, classification accuracy was very high for microdroplets
composed of pure liquids. In contrast, for microdroplets of liquid mixtures and suspensions,
performance was affected by variations in refractive index and by distortions of internal opti-
cal fields caused by suspended nanoparticles, among other factors.

In the application of the speckle method, dynamic speckle patterns were measured for two
sample types: (i) milk — a complex colloidal suspension — contained in a thin cuvette with a
thickness of 50 um (referred to as the “bulk medium”), and (i1) individual microdroplets of
controlled monodisperse suspensions (referred to as the “microdroplet medium™).

In the bulk medium, a 1.7 mm laser beam was used to generate transmission speckles, which
were recorded at a near-forward angle of 26.9°, using four different exposure-time protocols.
Following standard procedure, the recorded data was divided into “Training,” “Validation,”
and “Test” sets for training the neural network. Additional “Independent” data sets were ac-
quired separately and used to evaluate the stability and generalisation capability of the trained
networks. All exposure-time protocols yielded very high classification accuracies on the
“Test” sets; however, training robustness and generalisation performance on the “Independ-
ent” sets varied across protocols. Among them, one methodologically sound protocol was
identified as optimal.

The third experimental study focused on the microdroplet medium, where a single micro-
droplet was treated as a microscopic cuvette containing a small number of nanoparticles.
Multiple droplets were generated from suspensions with varying concentrations, as well as



from samples of fixed concentration but differing droplet sizes. These droplets were levitated
in a different electrodynamic trap and observed using a separate optical system. Nevertheless,
as in previous experiments, random interference patterns (speckles) produced by nanoparti-
cles were recorded at angles near 90°. The convolutional neural network was trained follow-
ing a similar approach as before. While the classification accuracy on the “Test” sets re-
mained very high, the limited dataset size meant that this experiment was considered a proof
of principle, offering valuable recommendations for further investigation.



Streszczenie (in Polish)

Niniejsza rozprawa doktorska jest czesScig wigkszego projektu, ktorego celem jest
opracowanie optyczno-numerycznego systemu do szybkiej identyfikacji zawiesin w
mikrokroplach. W pracy wykorzystano dwa zjawiska elastycznego rozpraszania $wiatla,
ktére potaczono z metodami uczenia maszynowego, aby przeprowadzié trzy odrebne badania
eksperymentalne, koncentrujace si¢ gldwnie na charakteryzowaniu wlasciwosci zawiesin.
Zjawiska, o ktorych mowa to: (i) rozpraszanie §wiatta przez pojedyncze kuliste mikrokrople
— tworzace prazki interferencyjne i umozliwiajace bezposrednie zastosowanie teorii Lorenza-
Mie’go, oraz (ii) rozpraszanie przez zespot czastek podlegajacych ruchom Browna w ciektym
osrodku — tworzace zmienne w czasie, losowe obrazy interferencyjne — wzory plamkowe,
pozwalajace na zastosowanie metody/teorii ,,speklowe;j”.

W metodzie eksperymentalnej wykorzystujacej teori¢ Lorenza-Mie’go, wytwarzano
mikrokrople z czystych cieczy, mieszanin ciecz—ciecz oraz zawiesin, lewitowano je w
pulapce elektrodynamicznej i rejestrowano obrazy rozproszeniowe podczas ich parowania.
Starannie zaprojektowany uktad optyczny, umozliwiajacy obserwacj¢ pod katem zblizonym
do 90°, pozwalal na rejestracj¢ widocznych prazkéw interferencyjnych dla wszystkich typow
mikrokropel.

W celu wytrenowania konwolucyjnej sieci neuronowej do zadan klasyfikacyjnych,
wygenerowano  zestaw  teoretycznych  obrazoéw  rozproszeniowych —  prazkéw
interferencyjnych dla szerokiego zakresu promieni kropli (1-30 um). Obrazy te pogrupowano
w wiele klas o waskich przedziatach promieni (poczatkowo 30 nm). Wytrenowana sie¢ byta
nastgpnie  uzyta do  klasyfikacji  eksperymentalnie  zarejestrowanych  obrazow
rozproszeniowych od parujacych mikrokropel, co pozwalato na Sledzenie czasowej ewolucji
ich promienia.

Wykazano, ze w drugiej iteracji zmniejszenie przedziatu promieni z 30 nm do 10 nm istotnie
zwigkszylo doktadnos¢ klasyfikacji, a btad oszacowania promienia mogt zosta¢ zredukowany
nawet do +5 nm. Zasadniczo, doktadno$¢ klasyfikacji byta bardzo wysoka dla mikrokropel z
czystych cieczy. Natomiast w przypadku mikrokropel z mieszanin cieczy oraz zawiesin,
skutecznos¢ klasyfikacji byla ograniczana przez zmiennos¢ efektywnego wspdiczynnika
zatamania $wiatta oraz deformacje wewnetrznych pél optycznych mikrokropli, spowodowane
obecnoscig zawieszonych nanoczastek (a takze inne czynniki).

W metodzie wykorzystujacej teorie ,,speklowa”, dynamiczne obrazy interferencyjne — wzory
plamkowe, rejestrowano dla dwoch typow probek: (i) mleka — ztozonej zawiesiny koloidalne;j
— umieszczonego w cienkiej kuwecie o grubosci 50 um (,,0érodek objetosciowy”) oraz (ii)
pojedynczych mikrokropel kontrolowanych zawiesin monodyspersyjnych (,,08rodek
mikrokroplowy”).

W przypadku osrodka objetosciowego, transmisyjne wzory plamkowe (spekle) generowano
za pomocg wigzki laserowej o $rednicy 1,7 mm 1 rejestrowano pod katem 26,9°, stosujac
cztery rozne protokoly czasow ekspozycji. Zgodnie z powszechnie przyjeta procedura, dane
dzielono na zbiory ,,Uczacy”, ,,Walidacyjny” 1 ,,Testowy” do trenowania sieci neuronowej,
natomiast dodatkowe niezalezne zbiory danych (,,Niezalezne) pozyskiwano osobno w celu
oceny stabilno$ci i zdolno$ci uogolniania wytrenowanych sieci. Wszystkie protokoty
ekspozycji dawaly bardzo wysokie doktadnosci klasyfikacji na zbiorach ,,Testowych”; jednak
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stabilnos$¢ treningu oraz zdolno$¢ uogdlniania wynikow na zbiorach ,,Niezaleznych” roznity
si¢ w zaleznos$ci od protokolu. Sposrod nich wytoniono jeden, metodologicznie najlepiej
uzasadniony wariant.

Trzecie badanie eksperymentalne dotyczylo o$rodka mikrokroplowego, gdzie pojedyncza
mikrokropla byta traktowana jako mikroskopijna kuweta zawierajaca niewielka liczbe
nanoczastek. Wytworzono wiele kropli z zawiesin o réznych koncentracjach nanoczastek, a
takze z tej samej zawiesiny, lecz o ré6znych rozmiarach kropli. Krople te byly lewitowane w
innej putapce elektrodynamicznej i obserwowane za pomocg odmiennego uktadu optycznego.
Podobnie jednak jak w poprzednich eksperymentach, wzory plamkowe generowane przez
nanoczastki byty rejestrowane dla katéw zblizonych do 90°. Konwolucyjng sie¢ neuronowa
trenowano zgodnie z wczesniej zastosowana procedurg. Cho¢ dokladnos¢ klasyfikacji na
zbiorach ,,Testowych” pozostata bardzo wysoka, ograniczona liczba danych sprawita, ze
badanie to pokazato tylko mozliwosci metody i postuzylo do sformulowania zalecen na
potrzeby przysztych prac badawczych.
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List of symbols

— Radius of microdroplet

— Refractive index of the microdroplet

— Refractive index of the microdroplet’s surrounding medium

— Relative refractive index

— The microdroplet’s size parameter

— Wave number in surrounding medium (free space)

— Wave number in the droplet medium

— Time-harmonic electric field component of the plane electromagnetic wave

— Electric field amplitude.

— Time-harmonic magnetic field component of the plane electromagnetic
wave

— Angular frequency

— Electric permittivity constant

— Magnetic permeability constant

— Vector harmonic functions

— A scalar function or generating function for the vector harmonic functions

— A constant or guiding vector

— Radius vector or distance vector

— Azimuth angle measured from the incident beam propagating along the x-
axis

— Zenith angle measured from the z-axis

— Separation constants

— Any of the four spherical Bessel functions 7, (0), ¥,(0), 1" (p),
h,> (p)

— The scattering coefficients of the scattered wave
— Scattering matrix

— Vertical and horizontal components of intensity functions of polarized scat-
tered light.

— Random phase angle associated with a scatterer
— Speed of light

— Distance between scatterer and observation point

— Scattering wave vector

— Wave or momentum vectors for scattered and incident wave
— Coefficients

— Charge of a particle (microdroplet)

— DC voltage

— Amplitude of AC voltage
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LMT
GLMT

T-matrix

FDTD
MMP
CCD
MODE
PMT
RBF
MLP
CNN
SEM
RelLU
AC
DC
PID
DEG
DPG
PS
ADAM
SGDM

List of acronyms

— Lorenz-Mie theory

— Generalized Lorenz-Mie theory
— Transition matrix

— Finite-difference time domain
— Multiple multipole

— Charged couple device

— Millikan oil drop experiment

— Photomultiplier tube

— Radial basis function

— Multilayer perceptron

— Convolutional neural network
— Scanning electron microscopy
— Rectified linear unit

— Alternating current

— Direct current

— Proportional integral derivative
— Diethylene glycol

— Dipropylene glycol

— Polystyrene

— Adaptive moment estimation

— Stochastic gradient descent with momentum
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Chapter 1
Introduction
1.1 Chapter overview

The general subject of light scattering is a multifaceted field of disciplines. Hence, a com-
plete review would probably involve several volumes, which in some sense already exists.
Consequently, in this chapter, we will focus on briefly reviewing the Mie theory, its exten-
sions and other light scattering theories, providing comparisons when relevant. Since these
scattering theories are generally restricted to single particle scattering, other attempts to solve
the problem of scattering involving multiple particles will be explored. A brief review of
speckle which is concerned with the random intensity distribution recorded from scattering
by an ensemble of particles (both static and dynamic) is also presented. Afterwards the exper-
imental techniques pertaining to scattering by single particles and a system of multiple parti-
cles will be reviewed. Finally, a brief review of neural networks and their applications specif-
ic to light scattering data processing will also be presented. For each of these brief reviews
presented here, original works as well as the great and comprehensive reviews in literature
will be cited for the interested reader. The chapter will be concluded with the statement of the
problem.

1.2 The Mie theory and its extensions

N. A. Logan [1] published a survey of the early contributors to the field of elastic scattering
of plane electromagnetic waves by a sphere in which he named Ludwig Lorenz (1829 — 91),
Alfred Clebsch (1833 — 72), Lord Rayleigh (1842 — 1919), James Clerk Maxwell (1831 — 79)
and Gustav Mie (1868 — 1957) among other equally important contributors. Hence, it is need-
less to emphasize that this field has been investigated as far back as the nineteenth century.
As noted by G. Gouesbet [2], (with a recommendation to write “Lorenz-Mie theory” instead)
the year 2008 marked a century of Gustav Mie’s publication with series of commemorations
in the scientific community and across institutions, indicating the long-standing fame of the
theory. It is perhaps, the widely applied theory, though, known originally to be restricted to
plane wave scattering by a homogeneous, isotropic and non-magnetic sphere in a non-
absorbing medium.

The Lorenz-Mie theory (LMT), in summary, involves expressing the wave equation in spher-
ical polar coordinates and separation of variables to obtain the Mie scattering coefficients
from the analytical solutions [3]. In other words, the incident, internal and outgoing/scattered
waves are expanded into vector spherical harmonics [4]. Then, by applying the appropriate
boundary conditions, the scattered field can be expressed and the coefficients determined by
matching the components between the internal and scattered field. The field, which is a su-
perposition of the electromagnetic normal modes with each multiplied by the appropriate co-
efficients [4]) may then be sketched out as done by Mie in his original paper [5] and also [4].
The most relevant aspect of this endeavour, to this study, is the visualization/imaging of the
fields (in terms of scattered intensities) with the general purpose of relating the optical prop-
erties and scattering characteristics to a sphere of given size. This approach is commonly



used in particle characterization, a subject matter that is well established in literature [6][7].
The original publication by Gustav Mie (in German) [5], its first English translation [8] and
subsequent treatments in textbooks and reviews [4][9][10][11] are available for the interested
reader. There is also a dedicated light scattering information portal [12] with a special section
for Mie theory and its 100 years celebration [13].

There are, however, modern extensions of the LMT beyond some of its original restrictions to
cover anisotropic [14] and coated spheres [15]. While others explored the small-particles and
their parameter limits of the LMT [16]. Other theories (details in the next section) have also
been developed which circumvents other restrictions of the LMT such as magnetic spheres
[17], single- and multiple-coated dielectric [18], and several other particles (see the review by
[3]). The incident wave has also been modified to include arbitrary shaped beams [2][19] — a
discipline which has been carefully and well developed to maturity with experimental con-
firmations by Gouesbet and co-workers [2] as well as other researchers [20]. It is popularly
known as Generalized Lorenz-Mie Theory (GLMT). The beam, which must be a transversely
focused and a solution to the Maxwell’s equations, is then expanded into basis functions (in-
finite series of spherical Bessel functions and spherical harmonics [19] [2]) with each multi-
plied by a coefficient describing the beam shape, hence the name “beam shape coefficients”
[21]. The scattering particles, on the other hand, must possess a high degree of symmetry in
which case the Maxwell’s equations can be solved, using the method of separation of varia-
bles [21] as in the case of LMT. It must however, be emphasized that GLMT has also been
extended to cover other kinds of scattering particles such as spheroids, cylinders and stratified
spheres (see the review [21]). Other methods of expanding the beam have been reported [19],
as well as different methods of evaluating the beam shape coefficients [2].

Undoubtedly, the availability of computer codes for a scattering theory plays an enormous
role in simulating and understanding related phenomena as well as designing laboratory and
field optical techniques and systems [22]. Today, the LMT programmes are available in pro-
gramming languages such as Fortran [4], C ++, Pascal, Java [23] and other platforms such as
Mathematica, Maple and MATLAB. In 2008, T. Wriedt demonstrated (with some numerical
errors in labelling the axis) the possibility of porting LMT software on a mobile phone
through Java runtime environment using MATLAB clone [24]. Another interesting usage of
the LMT is its comparison with more complex scattering theories to validate their applicabil-
ity (see e.g. [25][26][27] ).

1.3 Other light scattering theories

In the same sense of developing more complex theories capable of solving the scattering of
light by shape-, material- and size-specific particles, the transition matrix (T-matrix)
[28][29][30][31] or extended boundary condition method, the point matching, the method of
moments, generalized multipole technique, the transmission line matrix, finite element, finite-
difference time domain, discrete-dipole approximation, which have all been treated exten-
sively in the textbooks Mishchenko et al., [32][33]. It is also worth mentioning that earlier,
the Rayleigh theory [4] and the geometric optics approximations [34] existed, respectively,
for particles with sizes much smaller than and much larger than the wavelength. The gap be-
tween this size region (the so-called resonant region) appears to be filled by the above-
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mentioned theories which basically explore different approaches to solve the scattering prob-
lem.

The transition matrix method (known in the original paper as matrix formulation [35] and
with further emphasis from G. Gouesbet [30], to be called a formulation instead of a method),
was first proposed by P. C. Waterman. He proposed the formulation for computing the scat-
tering of electromagnetic wave by a smooth, perfectly conducting arbitrary nonspherical par-
ticle. The scattered fields are represented by electric dipoles whose response are proportional
to the induced surface current at points over the entire surface of the scatterer. Then by appli-
cation of the boundary condition that the scattered field cancels the incident fields, the sur-
face current can be determined. Interested readers may also find more about the formulation
for nonspherical particles in the review by [31] and in the textbook [32]. Nonetheless, G.
Gouesbet [30] has jointly explored this formulation and the GLMT for spherical particles.
Where he outlined the differences between the two, in terms of their standard approach to ob-
taining expansion coefficients of the scattered fields. The T-matrix relies on the expansion of
only the incident and scattered electromagnetic fields to relate their coefficients through a
transition matrix. Whereas GLMT applies an arbitrary shaped electromagnetic beam to a reg-
ular particle, in which case the Maxwell’s equations can be solved by separation of variables,
as stated earlier. However, by using vector spherical wave functions in GLMT, the T-matrix
formulation for GLMT was found [30]. Though its applicability in experimental configura-
tions has not been demonstrated yet (to the best of my knowledge), the approach seems to be
a very interesting finding.

The Point Matching Method (as in LMT) uses a plane wave illumination and expands the
scattered and internal fields in terms of spherical vector wave functions which satisfy Max-
well’s equations. However, (unlike the LMT) point matching and least-squares fitting is ap-
plied to satisfy the boundary conditions on the surface of the sphere. It has been applied for
the computation of scattering by raindrops [36] — (very) large droplets are difficult to handle
with GLMT or T-matrix formulation. Interested readers are referred to the review by T.
Wriedt [3], specifically to the subsection “Point Matching Method” where there is a detailed
review and a comparison between this method, the T-matrix formulation and the LMT, out-
lining both similarities and differences with extensive citations.

Finite-difference time domain (FDTD) method was originally designed to apply numerical
methods to compute the scattering of electromagnetic waves by non-spherical and inhomoge-
neous particles [33][37]. However, apart from rectangular particles, it has been shown after-
wards not to pose such strict treatment to geometry and homogeneity [27][38]. Hence, some
authors have found good agreements between its results and the LMT for the scattering of
electromagnetic waves by small ice spheres and hexagonal ice crystals [27]. The method (and
its discretization algorithm) was first proposed by K. S. Yee [39]. It generally involves ex-
pressing the Maxwell’s equations in Cartesian coordinate system to obtain the set of scalar
partial differential equations. A corresponding set of finite difference equations are then for-
mulated by assuming a perfect conductor with vanishing normal components of the magnetic
and tangential components of the electric fields at the surface. This then allows for the dis-
cretization of the scattering particle’s volume and parts of its surrounding into subwavelength
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grid-size cells [37]. The approach is, in other words, described as discretization of the Max-
well’s equations using finite-difference in space and time [27]. This enables the near-field at
each grid point to be evaluated in time-matching iterations until a steady-state solution is ob-
tained [3]. Despite the good agreements obtained between Finite-difference time domain
method and the LMT, a few error sources (e.g. grid size, staircasing-effect and truncation ef-
fect) as well as computational bottlenecks and its disadvantageous computer resource re-
quirements have been identified and discussed extensively by several authors [3][27]. Other
methods employing similar discretization are the finite element method [37], and transmis-
sion line matrix method [3].

The generalized multipole technique (known also as the multiple multipole method/model
(MMP) see details in [40]) is yet another scattering theory in which one can find both similar-
ities and differences with LMT. The technique, when applied to a sphere, employs multipole
expansion in the sense that it uses a set of discrete spherical waves (which are solutions to the
Maxwell’s equations) as sources. However, unlike the LMT in which the origin of a single
source coincides with the origin of the sphere, multiple origins (displaced from the surface
where the boundary conditions are applied [40]) are employed. Furthermore, while the LMT
applies the orthogonality and completeness of wave functions to evaluate the fields, the gen-
eralized multipole technique uses basis functions whose unknown coefficients are to be de-
termined by either point matching [40], surface integral or least-square error estimation [3],
after applying the appropriate boundary conditions. Analogous to the LMT, some authors
have evaluated the current and surface fields analytically from the discrete spherical wave
equations [40].

1.4 Multiple particles scattering

Though the above light scattering theories and the many others (not reviewed in this study)
generally deal with single particles, the problem is much complex in a system of multiple par-
ticles. The simplest model in this case is that of scattering by two spheres as demonstrated by
Bruning and Lo [41] (and the references therein) comparing multipole expansion and ray op-
tics solutions. In their analysis, they considered several approximations, the three most rele-
vant to this study are: (i) the axial symmetric and broadside illumination of two identical
spheres, with distances of separation equal to or far greater than the radius of one, (ii) one
sphere is in the other’s shadow with end-fire illumination and (iii) a system in which the
spheres are in contact. These approximations are particularly interesting since they lead to the
solutions of scattering scenarios which are often encountered in evaporating microdroplets of
colloidal suspensions. Thus, the suspended particles may be initially separated but tend to
approach each other as the droplet evaporates [42]. Modern reports in the literature about the
same subject matter, specifically for multiple scattering regime can be found in the review by
T. Wriedt [3]. G. Gouesbet and G. Grehan [43] applied GLMT to solve the scattering by a
system in which a single spherical inclusion is embedded at an arbitrary location inside a
larger sphere. The authors provided a list of its possible practical applications in particle
characterization using phase-Doppler instruments and rainbow refractometry as well as the
possibility to extend the theory to a sphere embedded with many inclusions, another typical
analogue of droplets of suspensions.



1.5 Laser speckles

Beside these complex theories, there is yet another parallel branch of electromagnetic scatter-
ing treatment which is concerned with investigating the random intensities produced by an
ensemble of many but small particles without the need for the rigorous theoretical treatment
of individual particles as in the theories above. It is widely known as laser speckles, which is
the random 3D interference patterns formed when a coherent radiation (a laser beam) is re-
flected from an optically rough surface or transmitted through a translucent material
[44][45][46]. The randomness result from the random positions of the scatterers and refrac-
tive index variations [44]. Because of this randomness of the intensities, probability theory
and statistics analysis have been used to described its properties, even as far back as the nine-
teenth century using fairly coherent light. Dainty in his book published in 1975 [44], listed
six main areas in which speckle pattern was applied after the invention of the laser. Two of
these areas most relevant to this study are (i) fundamental statistical properties of laser
speckles and (i1) measurement of surface roughness. Hence, in chapter 2 review of relevant
literature to these areas will be presented and refer interested readers to the detailed treat-
ments in his book and other literatures [47][48].

Nonetheless, it is worth stating that in the statistical treatments of laser speckles, “a random
walk in the complex plane” model is often adopted [44][47][48] — an earlier classical concept
employed in analysis of random vibrations [49][50]. Speckle patterns are either considered as
isolated scattering areas [44] or as a continuum [47]. The former approach usually starts from
the contribution of a single scatterer to the interference at a point on the observation screen or
detector (e.g. single CCD pixels). The resultant amplitude and hence intensity and phase at
the chosen point is then obtained by a summation or integration over many scatterer contribu-
tions. This approach was used by Goodman to derive the first-order statistics of the complex
amplitude, intensity and phase of laser speckle patterns [44]. Lord Rayleigh, in a much earlier
publication, used a similar approach to find the resultant and hence probability of a very large
number () of vibrations of equal amplitude and arbitrary phases [49]. While choosing a sin-
gle CCD point is the widely accepted approach for analysing speckles, it must be noted that,
practically, the individual bright speckles in the pattern usually cover elemental regions
which are significantly larger than a CCD pixel or the chosen point. Hence it is best described
as a multi-lobed intensity pattern [51]. These lobes are not only located at random positions
but are also characterized by different lengths and widths, irregular edges, and many unequal
amplitudes.

Furthermore, by exploring the likelihood of finding a bright point of high or a dark point of
zero intensity [49], the probability density function (from the first-order statistics [44]), the
autocorrelation function and power spectral density (from the second-order statistics [51]
have been obtained. It must be noted, however, that the above-mentioned analysis, though,
may be applied on both reflection and transmission speckles from static scatterers, the pat-
terns vary only spatially but not temporally. This property, of course, has been exploited ex-
tensively in characterization of material surfaces and smoothness investigations (using speck-
le imaging/photography) [46][52], measurement of material strength and small displacements



(using interferometric setups, sometimes combined with cantilever systems [53]), to mention
a few.

Upon the inclusion of dynamic systems (generally colloidal suspensions or dynamic biologi-
cal systems) as samples of interest, either the spatial or temporal or both variations can be
used for measurements. A resourceful textbook (by Nikita A. Fomin [54]) specific to the ap-
plication of speckle photography in the field of fluid mechanics, provides both theoretical and
experimental considerations of both static and dynamic speckles. A similar textbook [55] ex-
ists for the applications of speckles in Biology for the interested reader. It is reported that two
fundamental speckle motions result in such dynamic samples — translational motion (when
the whole pattern moves without change in shape within small displacement) and boiling of
speckles (when there is no movement but rather individual deformations with a characteristic
sense of disappearing and reappearing) [54]. As stated earlier, the most prominent analysis in
this case is the analysis of space-time correlation functions.

1.6 Experimental techniques in optical particle characterization

In the field of optical particle characterization, optical methods combined with the possibility
to isolate single particles or droplets have proven to be the preferred choice due to their accu-
racy, precision and sensitivity. As reviewed by [6][7] particle size and refractive index seem
to be the dominating parameters of interest — among shape, particle counting, aggregation,
diffusion, mobility, number density and velocity of particles in flow measurements. Also, by
trapping particles, some existing light scattering theories have been verified experimentally.
This subsection will be concerned with reviewing a few literatures related to trapping of sin-
gle micro-particles/droplets and application of elastic light scattering for investigation.

E. James Davis [56] presented a detailed historical account, as well as scientific review of
single aerosol levitation, which started with the first successful experimental separation of
individual water droplets by Millikan [57] followed by the famous Millikan oil drop experi-
ment (MODE) [58]. It has also been noted that (subsequently) several early researchers used
the MODE to investigate the evaporation rate of droplets without the application of light scat-
tering theories (see the review by E. James Davis [56]). Today, the subject matter of both
trapping and generally, particle investigations have matured with consequential reports of dif-
ferent techniques of trapping and different disciplines and applications. Apart from electro-
dynamic trapping [59][60], there are optical [61][62] and acoustic [63] trapping techniques
used as powerful tools in research and technology of microparticles. This is because, after
successfully trapping single particle/droplet and regulating its movements to quasi-stationary
position, accurate and precise characterization can be done.

Perhaps the first attempt to experimentally verify LMT was carried out by Gucker and Egan
[64] who mounted a photomultiplier tube (PMT) on a rotatable stage to measure scattered
intensity from a droplet as a function of angle, from the Millikan condenser. Their aerosol
droplets were made from (low volatility) dioctyl phthalate and the measurements produced
results of droplets diameters ranging from 0.7 to 1.5 um. Their experimental results were
compared with the theoretical Mie scattering patterns and sources of errors (from non-
sphericity of droplets due to strong trapping electric fields, refractive index variation and ac-



curacy of the PMT among others) were determined and discussed. Modifications of their ex-
periments by other researchers, in terms of automation, development of the setup into a
commercial device (Differential II instrument [65]) and its subsequent usage in extensive re-
search have been reviewed by E. James Davis [56]. The Differential II instrument in its first
report in literature was demonstrated to levitate a 550 nm droplet whose diameter reduced to
495 nm within a period of 5 hrs, though the study was not aimed at measuring the evapora-
tion of the studied liquids [65].

The study which was directly aimed at measuring the evaporation rates of submicron-aerosol
droplets using a modified Differential II instrument was performed by E. James Davis and
Edward Chorbajian [66]. Similar to the study by Gucker and Egan [64], they produced drop-
lets from dioctyl phthalate. However, their experiment was performed at various pressures to
investigate a list of theoretical analysis of evaporation of submicron-aerosol droplets. Fur-
thermore, they used the LMT and validated the accuracy and sensitivity of their measure-
ments using a polystyrene sphere of diameter 0.775 pm, comparing theory with experimental
measurements and reporting a 1% variation. Earlier, attempts to study evaporation of droplets
in terms of fundamental thermodynamics with and without application of light scattering
have been cited by E. James Davis and Edward Chorbajian [66], and reviewed by E. James
Davis [56].

A. K. Ray et al., [67] investigated (both theoretically and experimentally) the precision of
elastic light scattering measurements involving three possible combinations of (constant
and/or changing) size parameter and refractive index as well as a coated sphere with un-
known outer radius and coating thickness. Other recent comprehensive reviews of elastic
light scattering theories involving, mainly, single particle have been presented by [24] and
[68]. The Group of Optical Characterization of Micro- and Nanoobjects, located in the Insti-
tute of Physics, Polish Academy of Sciences (in which I have been privileged to pursue my
PhD), like several other research groups, have investigated the physics of microdroplets and
nano-object for several decades.

1.7 Neural networks and their applications in light scattering

The methods or techniques employed in artificial neural networks (neural networks) are deep-
ly rooted in diverse fields of study: mathematics, statistics, physics, engineering, computer
science, all driven by neuroscience [69]. In recent years, the advancements of artificial intel-
ligence and machine learning have led to the application of neural networks in pattern recog-
nition [70], object classification/recognition and detection [71], modelling and signal/time-
series processing and analysis [72], to mention a few. Though many applications such as im-
age classification, object recognition and detections, involve illuminated objects, this section
focuses on applications specific to the processing and analysis of light scattering patterns
(from single or multiple particles) with the sole purpose of characterization and/or retrieval of
the particle’s optical properties. Among the many optical properties of particles or materials,
shape, size (radius) and refractive index appear to be the most commonly sought-after param-
eters.

The reports of the used of neural networks in light scattering applications have been limited
to a few types. Generally, a two-input (2-dimensional) network, with one hidden layer and
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one output can be represented with a class of functions expressed as [73]:

N
(X)) = ZWi f,(X). Where f are some parametric (popularly known as activation) func-

i=1
tions and w, are coefficients, both to be estimated during network training and X =(X)Y) is

vector of inputs. As can be inferred, the type of function (linear or non-linear) depends on the
parametric functions f, which then dictates the approximation scheme to be applied.

Maruyama et al., [73] discussed into detail the two most common schemes — Regularization
and Ridge function approximations. The Radial Basis Functions neural networks (RBF) apply
regularization, defined as the weighted norm of the difference between the input vector and a
centre vector (see [73] for details). In this case the parametric functions are fixed and the out-
put function is linear in the coefficient parameter space. On the other hand, when the para-
metric functions are varied, non-linear output functions are obtained and ridge function ap-
proximation is applied. Among the many neural networks built for this purpose, those apply-
ing the perceptron (originally proposed by Frank Rosenblatt [[74]]) will be discussed here.
The multilayer perceptron (MLP) type of neural network uses non-linear activation functions
(sigmoid, hyperbolic tangent, etc). The rectified linear unit (ReLu, proposed by [75]) which
performs thresholding operation to the input and sofimax activation function [70], which ena-
bles Bayesian or probabilistic interpretation of the output, are both commonly used in convo-
lutional neural networks (CNN) (see chapter 2 for details).

Ishimaru et al. [76] used the MLP type of neural network to retrieve particle-size distribution
from backscattered light, remotely sensed from a volume containing spherical particles with
radii distribution ranging from 0.01 to 40 pm. Since the main task of such an inverse problem
is to accurately determine the size distribution, they trained the network using a log-normal
size distribution function and reported percentage errors of < 10%. Ulanowski et al. [77],
used Gaussian basis function in RBF neural network and generated theoretical light scattering
vectors so that by a linear combination of the weighted basis function and a bias term, the
network was trained. The output of the network then produced a two-column vector of pre-
dicted radii and refractive indices of the spherical scatterer. Though the study lacked experi-
mental measurements to test the capabilities of the network and the proposed approach, the
instability effect of truncating data from the near-forward (0 —30°) and near-backward (120 —
180°) angles of the test data were simulated and the errors discussed. A similar study (as
Ulanowski et al. [77]) was done by Vladimir V. Berdnik and Valery A. Loiko [78]. They
used feed-forward neural network to retrieve the radius and refractive index from multi-angle
light scattering data recorded from spherical particles in a flow cytometer setup. In applica-
tion of light scattering and neural network to environmental monitoring, Kaye et al., [79] de-
signed an optical instrument for measuring the characteristic laser scattering patterns of harm-
ful airborne fibres. They used RBF neural network for classification. The technique is shown
to produce very high classification accuracies of background and two classes of asbestos fi-
bres (chrysotile and crocidolite).



1.8 Statement of the problem

This Thesis is part of a larger project, whose ultimate goal is to devise an optical-numerical
method for recognition and classification of realistic suspensions in free microdroplets. The
main concept is to utilize a deep neural network to classify speckle images that would be
generated from such complex microdroplets. On the basis of the previous works (nanospheres
suspension in thin cuvettes [80]) it was judged to be probably feasible. Hence, it was neces-
sary to check whether real-world multi-parameter suspension in bulk could be recognized by
using convolutional neural network to classify their speckle images, as the monodisperse na-
noparticles were. Off-the-shelf UHT milk was chosen as the work-horse. The answer was
positive [81], allowing the next step to commence.

However, the number of parameters that can be encoded in the interference/speckle patterns
generated from microdroplets of suspensions is much more than those from the bulk of the
same suspension in thin cuvettes. Firstly, the light scattering characteristics of the micro-
droplet as a spherical scatterer can be investigated. In which case, its parameters (size, refrac-
tive index and evaporation/condensation rate (if any)), as well as the parameters of the parti-
cles in its medium are encoded in its scattering patterns. Thus, CNN will be trained to recog-
nize microdroplets of different sizes — naturally evaporating in an ambient atmosphere — us-
ing Mie scattering images/patterns.

Secondly, the microdroplet can serve as a micro-cuvette holding a small number of mono- or
poly-dispersed nano-particles. In which case the parameters of the inclusions (size, refractive
index, concentration) are encoded in the speckle patterns due to scattering as an ensemble of
particles. Different speckle patterns can result from: (i) different concentrations of suspen-
sions used to form the microdroplet (different initial concentration), (ii) different micro-
droplet sizes (the lager the droplet, the more scatterers). When the droplet evaporates, there is
a mixture of the above: (iii) the droplet size decreases, but the total number of scatterers re-
mains constant, and thus their concentration grows. In all of these cases, since the inclusions
are constantly undergoing Brownian motion, the speckle patterns change dynamically while
the changing parameter is encoded in the speckle recorded. The task here will be devoted to
solving the first two (out of three) problems stated.

Detailed treatment of the relevant theoretical background for Mie theory, the speckle phe-
nomenon, convolutional neural networks and electrodynamic trapping will be presented in
chapter 2.



Chapter 2
Theoretical Background

2.1 Chapter overview

As mentioned in chapter 1, the theoretical background for: (i) Mie theory as presented by
Bohren and Huffman [4] but geared towards the scattering of plane electromagnetic waves by
transparent microdroplets in which Mie conditions apply, (ii) the speckle phenomenon for
both scattering in a bulk and microdroplet media, (iii) convolutional neural networks and how
it is applied to recognize light scattering patterns in classification tasks and (iv) finally, elec-
trodynamic trapping and how it is used to levitate microdroplets for measurements, will be
presented in this chapter.

2.2 The Lorenz-Mie theory: scattering by spherical particles

As already mentioned by Bohren and Huffman [4] the mathematics of electromagnetic waves
scattering by a spherical particle, presented by Mie in his 1908 paper [5], is straightforward
and so is the expansion of the electromagnetic fields into infinite series, representing the field
at all points in space. Visualization of the fields and categorization of the important/excited
electromagnetic modes inside and outside the spherical scatterer is cumbersome. Though
there are several methods or reformulations of this problem [9][10][27][31][40][82], the Mie
theory presented by [4] (in chapter 4 of his book) will be followed. However, only the equa-
tions relevant to this study will be derived or considered, while being careful to couple exper-
imental/practical considerations and assumptions when necessary. In other words, this ap-
proach represents the shortest route to obtain a physical solution to the problem as applied to
this study while referring interested readers to the complete and chronological deductions of
the formal solution.

2.2.1 Solutions to the vector wave equations using vector spherical harmonics
In relation to this study, consider a spherical particle (microdroplet) of arbitrary size (radius)
aq and refractive index myq illuminated by a time-harmonic plane electromagnetic field ( £,
H ), such that the £ field is polarized parallel to the z-axis. By standard convention, the A
field is orthogonal to the £ field and the wave is propagating towards the positive y-axis. In
accordance with the LMT and for practical applications, the microdroplet is generally as-
sumed to be spherical, isotropic, homogeneous and embedded in non-absorbing medium
(free-space is usually assumed). It is further desirable (for this specific application) that the
material of such microdroplet is optically linear — thus its response/polarizability does not
depend on the strength of the incident field. In this case, the fields propagating in free-space
satisfy the wave equation (or the Helmholtz equation) given as:

V’E+k’E=0 }

S &)
V'H+k H=0

Where ks, is the wave number in the surrounding medium (or free-space) and k.* = @’cu, &

and u being electric permittivity and magnetic permeability constants respectively. Also, the
field outside and inside the microdroplet must satisfy Maxwell’s equations:
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The next task in this derivation is to define two vector harmonic functions M and N from a
scalar function y (called a generating function) and constant vector (guiding vector), such
that, both M and N satisfy the above requirements. With the earlier assumption of a spheri-
cal microdroplet, it is understood that there exists symmetry in the problem at hand, hence the
choice of a scalar function y, which satisfies the wave equation in spherical polar coordinates
is evident. The less obvious choice is the guiding vector. The popular choice is an arbitrary
constant vector C , as done by [4] to show that both M and N satisfy the above equations,
before settling on the radius vector as the guiding vector. In the same spirit of the latter

choice of the radius vector 7~ , both M and N may be written as:

oy
N = VxM
k

S

Granting that M is a solution to the vector wave equation and  is also a solution to the sca-
lar wave equation, both of them being in spherical polar coordinates, the problem is reduced
to finding the solutions to the scalar wave equation given by:

2
izg(rz a—wj+2;_i(sin08—wj+z;‘a lg+k§21,y=0 4
r°or or r°sin@ 06 060 ) r°sinf O¢ ‘

The separation of variable approach produces solutions of the form:
w(r,0,¢) = R(r)O(O)D(¢) which, when substituted into equation (4), gives the following

equations:
2
4P re=0 (5)
d¢
2
1 i[sin9@j+[n(n+l)— - }@:0 (6)
sin@ dé dog sin” @
E(r ;j+[ks r —n(n+1)}R—0 (7)

where m and n are the separation constants. The final step towards constructing generating
functions y that satisfy equation (4) involves obtaining solutions to each of these equations
(5) — (7), by application of independent secondary conditions that y must satisfy. These sec-
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ondary conditions have been extensively discussed by [4] leading to the construction of the
following even (e) and odd (o) generating functions:

‘//emn = COos m¢1)nm (COS H)Zn (ksr) (8)
[// =
Y, =sinm@P" (cos 0)z, (k,r)

Where cosmg and sin mgare the linearly independent solutions of equation (5), with m tak-
ing positive integer values. The functions P,"(cos@), forn =m, m + 1, ... are the Legendre

functions of the first kind (of degree n and order m) which are solutions of equation (6) and
are finite at & = 0 and 6 = w. Finally, the functions z,(ks) are any of the four spherical Bessel

functions j (p), v, (p), h,"(p) or h, > (p) (see section 4.1 of [4] for details) which are the
solutions to equation (7) after the following transformation; p = ks and z = R.\/p .

The consequence of such generating functions, as defined in equation (8), is that the generat-
ed vector spherical harmonics (defined in equation (3)) can be rewritten by substituting wemn
and Womn to obtain the corresponding four vector spherical harmonics; Memn , Momn, Nown
and Ny .

2.2.2 Expanding the incident plane wave and the scattered fields in vector spherical
harmonics

Now, consider the earlier assumption an x-polarized plane wave Ei. must be written in

spherical polar coordinates as: Ei.. = E, exp(ik,r cos O)e. ,
where e. =sin @ cos @ge, + cos @ cos @es —sin ge, .

Expanding Euc in vector spherical harmonics using Moem: , Momn, Nown and N, and
multiplying each by an appropriate coefficient (Aemn, Aomn, Bemn and Bomn) 1t may be written
as:

0

Enc = Z i (Be‘mnMemn +B Momn + /erxfemn + /!)mnN:)mn) (9)

omn
m=0 n=m

The reader is encouraged to refer to section 4.2 of [4] for the step-by-step procedure to obtain
the expansion coefficients. Though the possible values of m and n have already been stated
above, it was shown during this derivation that only m = 1 suffices, since all m # 1 coeffi-
cients vanish, and after the determination of the expansion coefficients, the incident electric
field can be written as:

Einc == EOZin ﬂ(ﬁaln(l) _iﬁeln(])) (10)
n=1 n(l’l +1)

Where the superscript (1) in equation (10) indicates that z, (k)= j (k) is the appropriate

spherical Bessel functions to be used in the generating function (compare equations (3) and
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(8)) for the incident wave because they are the only finite functions at the origin. Then by tak-
ing the curl of equation (10), the corresponding incident magnetic field is obtained (see equa-
tion 4.38 in [4]). The field inside the spherical scatterer and the scattered field can be deter-
mined in a similar fashion as expressed above. However, the orthogonality property of vector
spherical harmonics and the appropriate boundary conditions must be applied, if the form of
equation (10) must be obtained. The boundary condition in this case is

(Einc + E seat — Ent) X er = (H inc + H sear — H in)) ¥ e = 0. Since the scattered fields are of interest

in this study, they are expressed as:

- 2 on+l —
Escat = EOZin " (ian Neln(3) _bnMoln(3))
n=1 n(n + 1)

(an

k&, 4l -
Hur =— Zln L (lbn Noln(S) + anMeln(3))
CO/J n=l1 ”l(l’l + 1)

In this case the superscript (3) in equation (11) indicates that z, (k) =h " (k) is the appro-
priate asymptotic spherical Hankel functions to be used in the generating function for the
scattered fields at large distances of k. > n”. They represent outgoing spherical waves or
scattered waves, in other words. The final step is to derive expressions for the scattering coef-

ficients a, and b,, an endeavour that has again been comprehensively carried out by [4]. The
final expressions have been written as:

q ="MY. (mx )y, (x) =y, (x )y, (mx,)
my,(m.x, )é:n (x4) =&, (x, ){//;z (m,x,)

(12)
) VR (5~ Y )

"oy, (mx)E, (x) - m S, (x )y, (mx,)

Where X, =k.a, =27rma, / A and m_=k, / k, =m; / m, are respectively, the size parameter
and the relative refractive index, computed from the wave number in the droplet’s surround-
ing medium, ks, and in the spherical microdroplet kq4, the droplet radius aq, refractive index of
the microdroplet mq and of the surrounding medium ms. These final expressions are obtained
by introducing the Riccati-Bessel functions  (p)=p/, (p) and & (p) = ph"(p) while the

primes indicate the first differentials with respect to the arguments.

2.2.3 Scattering matrix and the scattered intensities

In practice, experiments are carried out by measuring the far-fields, usually at large distances
of k> n’(a condition which has already been fulfilled in the expansion of the scattered
fields). Another condition that needs to be fulfilled is the convergence of the terms of equa-
tion (11) for sufficiently large n to allow for the termination of the series expansion with
small error in ksr. Scattering in any chosen direction has been described by four complex am-

plitude functions, S, S2, S5 and Sy, which are functions of # and ¢ . They form the four ele-
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ments of the matrix S(@,¢) (known as the scattering matrix) [4][9]. Generally, the scattered

electric field is related to the incident electric field through the scattering matrix as:

Escat eiks(r—z) Einc, eikS(r_Z) S S Einc,
T l=T——8(0.9) " = | (13)
E —ikr E -ikr \S, S )\E

scat,¢ inc,¢ inc,¢

For spherical particles, which is the case for the LMT, S3 = S; = 0. Consequently, equation
(13) reduces to two complex amplitude functions. The end result is that the transverse com-
ponents of the scattered electric field can be expressed as:

ikgr
Escat 0~ Eo e. COs ¢S2 (COS 9)
’ —ikr
(14)
ikgr
Escat 1) - Ea . Sin ¢Sl (COS 9)
’ —ik.r

S

The expressions for the scattering amplitudes functions S;, and S> can be found in section
4.4.4 of [4]. The intensity functions of the polarized scattered light (vertically /v and horizon-
tally /), in other words, phase functions due to their angular dependence are finally written
as;

A
IV = Escat,L‘z :WL‘S’J2
(15)
A
I, = Eveat,H ’ =W|S2|2

In Figure 2.1 the
theoretical intensi-
ty patterns are
represented for a

o o
D o

1! (a) —Horizontal polarization )
—Vertical polarization

microdroplet  of
diethylene glycol 4 B
(DEG) with radius  :
of 15 um, refrac- '
tive inde>'( (?f 80 90 100
1.4455  which is Scattering angle [deg]

illuminated with a  Fjgyre 2.1: Theoretical intensity patterns for a microdroplet of DEG with
plane wave of radius of 15 um, refractive index of 1.4455 which is illuminated with a
wavelength 658 plane wave of wavelength 658 nm. The horizontal and vertical polariza-
nm. In practice, it tions have been presented in (a). Their corresponding images for an an-
gle of elevation of -5 — 5° are presented in (b) and (c) respectively.

o
B

Normalized intensity [arb. u]
o
N

o

can be realized
when such a mi-
crodroplet sits in the waist of a loosely-focused laser beam — the variation of the light intensi-
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ty over the droplet would be negligible and the wave-front is flat there. The normalized inten-
sities for horizontal and vertical polarizations have been presented alongside their respective
images for observation angle range of 74 — 105° and angle of elevation of -5 — 5°.

2.3 The speckle phenomenon

We start with a model of a diffusive medium which contains an infinitely large collection of
spherical scatterers with the same optical properties (refractive index, diameter and uniform
reflectivity or transmissivity), but randomly distributed in the medium. Their random distri-
butions, consequently, impose random phases in relation to an incident light and the observa-
tion screen. In the case of solid surfaces, only phase change between -n and +n is equally
possible upon scattering [45], [47], [49]. While in a medium, as assumed, all phase changes
with respect to the incident are equally likely. Applying the “random walk in the complex
plane” model, we consider the bright regions in the speckle pattern as coming/originating
from isolated scattering areas. The contribution of a scatterer (located at a point Q(u, v, w) in
the medium) to the light at a point P(x, y, z) on the observation screen is denoted by @.n(x, ¥,
z; ). For laser illuminations which are usually monochromatic, this contribution takes the
form

2
®UVW (x’ y’ Z; t) = AMVW(X’ y’ Z) eXp {% (Ct - rMVW) + wuvw:| (16)

Where Auw(x, y, z) 1s the amplitude of the field, ¢, is the random phase angle associated

with the scatterer at O(u, v, w), A is the wavelength of the laser, c is the speed of light and 7w
is the distance between points Q(u, v, w) and P(x, y, z) expressed as:

1

rww:[(x—u)2+(y—v)2+(w—z)2}5 (17)

Here (w — z) is the perpendicular distance between the scatterer in the medium and the obser-
vation screen. If another scatterer, located in the vicinity of point Q(u, v, w) — denoted as
Q'(u + ou, v + ov) — must contribute a similar field (as in equation (16)) to the same point
P(x, y, z) to produce constructive or destructive interference, the interference conditions must
be obeyed. However, for such a large collection of scatterers randomly distributed in the vol-
ume of the medium (sending out random wavelets), the common analytical approach is the
sum of either the phasor amplitudes [44] or intensities [51] of the contributions from many
scatterers. The complex-valued phasor amplitude can be separated from equation (16) as:

ﬂuvw(xa Vs Z) = Auvw ()C, Vs Z)GXP [le(xa Vs Z)] (18)

where 9(x,y,z)=(—27/)r,

contribute to the point P(x, y, z) is expressed as:

+@,,,,» and the total amplitude from N scatterers that would

W

N
B(x,y,2)=Y |a,(x,y,2)|exp[i6,(x,y,2)], k=1.2,3, .., N (19)
k=1

15



Where ai(x, y, z) are the amplitudes of each phasor contribution. Now, by introducing the
properties of the scatterers such that each occupies an infinitesimally small volume, AuAvAw.
The power density, which is incident on the medium is G(u, v). Each scatterer, receiving di-
rect illumination from the incident laser, will attenuate an amount « upon scattering [51].
Also, choosing the real part of equation (19), it can be rewritten as:

1
B(x,7,2) = [M} cos(_z—”r + co] 20)
r A

The intensity measured in experiments may be expressed from equation (16) or (19) as if we

N
let2|ak(xayaz)| :|a(x’y’z)| :
k=1

2
dt

/2
I(x,y,z; t)=£irITl J |CI)(x,y,2; t)
T 21)
= (B(e2,2)- B (,3,2)) =JaCx, ,2)f

Where T is the camera’s integration or light collection time. A careful look at equation (19)
suggests that when the concentration of scatterers increases, more scatterers will be present to
contribute to the amplitude at a single point on the observation screen depending on their
phase relationships. In practice, this phenomenon (increase in intensity) is usually observed
when the concentration of scatterers is increased. However, there is no known explicit ex-
pression between the intensity variation and concentration changes except the derivation of
average intensity, variance and consequently, the probability density function in the statistical
analysis [45], [47], [49],[51]. The probability density function, (reported to follow negative
exponential trend [44]) expresses the probability of finding intensity / from the speckle pat-
tern produced by a large number of scatterers. It is worth emphasizing that there is a 1/~

factor appearing in some derivations of equation (19) in literature (compare earlier publica-
tion of Goodman [45] to later ones [48]) — though highly debated by Lord Rayleigh in a se-
ries of publications prior to Goodman’s [49], [50]. All the above derivations may be applied
to static scatterers in the medium (in which case /(¢f) = constant for each point resulting in
static speckle pattern) or moving scatterers resulting in dynamic speckle pattern.

Consider the two media (colloidal suspensions) investigated in this study, the “bulk medium”,
10 puL of cow milk (of different fat content/concentration) in a 50 pm thin cuvette [81] and
“microdroplet medium”, different sizes (from ~ 125 to 30 um) of microdroplets containing
monodisperse inorganic nanoparticles. An analogous investigation of the “bulk medium” con-
sisting of nanoparticles in thin cuvette was performed earlier [80] as well as the many reports
of analysis of dynamic speckles in literature. Such dynamic speckle patterns recorded over a
period of time will consist of frames/images, each representing a moment in time of the com-
bination of several scatterers to produce each bright region in the pattern.
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2.3.1 Light scattering by microdroplets of colloidal suspension (“microdroplet medium”)

As discussed above, random scattering of light by a suspension occurs when there is density
and/or refractive index fluctuation, or random distribution of the particles in the medium.
However, in a spherical microdroplet of suspension which is freely levitating in a gaseous
medium, the two light scattering regimes (from first principle) that may be encountered are:
scattering by the spherical microdroplet as a whole and scattering by the system of particles
located in the microdroplet’s medium. Hence, the purpose of this subsection is to illustrate
these scattering regimes with simple discussions/analyses rather than detailed or rigorous
mathematical derivations as presented by many authors [41], [83], [84], [85]. In other words,
the analysis presented here only represents an approximate distinction between light scatter-
ing by a spherical microdroplet as a whole and the system of particles located in the micro-
droplet medium.

Experimental studies of optical sizing and evaporation-driven aggregations of microdroplets
of pure liquids and colloidal suspensions have been reported earlier by our group [42], [86],
[87], [88], [89] and others [21], [56]. Notable examples of samples include silica, gold, titani-
um oxide, gadolinium oxide nano-spheres, and sodium dodecyl sulphate mi-
celles/nanostructures in water, glycols and other liquids. Specifically, A. Wozniak et al., [42]
did not only present scanning electron microscopy (SEM) images of microdroplets of suspen-
sions soft-landed on a surface at various stages of the evaporation, but also numerical simula-
tions for comparison. The initial evolution stages of their droplets were characterized by a
high population of inclusions in the interior with few partly appearing on the surface. Later
stages, however, were characterized by increase in the population of inclusions on the surface
until the formation of a highly-ordered surface layer of inclusions and then a dried-up nano-
particle aggregate. These effects, in general, depend on the hydrophobicity or hydrophilicity
of the inclusions, their Brownian motions or migration to and/or from the surface and most
importantly the shrinking of the droplet’s surface layer due to evaporation.

Now the detail of the categories already presented in the problem statement: (i) scattering
from the spherical microdroplet (where LMT can be applied as discussed in section 2.2 and
was applied by many authors [42], [86], [87], [88], [89]) and (ii) scattering from the inclu-
sions as an ensemble of scatterers (where the speckle phenomenon can be applied as dis-
cussed in section 2.3) will be discussed. In the first category of scattering, the Mie scattering
patterns can be measured with a well-designed optical setup such that the influence from the
inclusions will be very minimal. Detailed experimental considerations will be presented in
chapter 3 with special attention to evaporating droplets of suspensions. Thus, in cases where
almost all the inclusions are located in the interior/volume of the droplet with only a few ap-
pearing on the surface but not enough to cause surface roughness, the Mie scattering patterns
can be well measured.

In the second category (also requiring a different well-designed optical setup, see chapter 3)
the microdroplet simply serves as a spherical micro-cuvette. Though containing a minute
number of inclusions, their speckles patterns can still be measured. However, the use of the
so-called structure factor analysis (as presented by several authors [84], [90]), to describe:
the structure of the system (scattering regime), the length scale of scattering and the inclu-
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sions/scatterers’ separations may not be feasible due to the following reasons, stated for sim-
plicity in the language or ray optics:

(1) the scattering wave vector, ¢ = ks —kw which is defined as the change in mo-

mentum between incident ( k in ) and scattered (/; sc ) field momenta respectively
cannot be directly known because the droplet’s surface curvature greatly modifies
the incident beam through either single or multiple internal reflections and refrac-
tions before reaching the inclusions. This also means that the scattering wave vec-
tor defined in any scattering experiment as g, =(4x/A)sin(6/2), (where A is

the wavelength and 4 is the scattering angle between incidence and scattering di-
rections) does not directly apply.

N .
(i)  the structure factor, expressed as S Aq ) = Ze]qu v [84], [90] (where N
Lj
is the number of inclusions in the microdroplet volume, 7 and 7; are the posi-
tions of the i- and j-th inclusions respectively), the i- and j-t4 inclusions (at certain
distance of separation) may be “illuminated” by different internal caustics orien-
tated differently by the curvature of the droplet surface.

Hence in both media where speckle patterns are measured, neural network will be used as an
efficient model for statistical pattern recognition and classification [70]. This is because, in
the final activation function of the neural network used here (see below), the probability of
each speckle pattern belonging to each class will be computed using Bayes’ theorem. Conse-
quently, each pattern will be classified to the class with the highest probability. Thus, speckle
patterns which are recorded from the same sample are expected to have similar statis-
tics/probabilities which will only change considerably with change in the parameters of the
samples.

2.4 Convolutional neural networks: theoretical background

Due to the wide varieties/types of neural networks (a few already presented in chapter 1) —
though similar in some cases — the theoretical background pertaining to the type used in this
study will be presented here. The multilayer feed-forward convolutional neural network was
used throughout this study. Convolutional neural networks were initially built for processing
image data (both 2D and 3D) [91],[92], nowadays however, convolutional networks have
been used for time series (audio and video) and vector sequence input processing [93]. They
have a unique property of being invariant to some transformations of the input data [70],[71].
For example, an object or human face photographed is invariant upon translation, scaling and
in some cases small rotations. Hence, creating sufficiently large data set with multiple invari-
ant transformations (such as reported by [94] and references therein) and using a fully con-
nected network (neurons are fully connected) has been demonstrated to be the simplest way
to achieve such network invariance, since the network learns from data.
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A 35-layer CNN was used from the beginning which was later modified to 41 layers capable
of handling more classes and larger data set (see chapter 3 for details). The first two layers of
the network can be modelled using a set of M input variables x;, ..., xa as [70]:

— Ny M
Y (X, W)=£ {Z wi, f (Z Wi+ W ] + wfo)} (22)
i=1

J=1

Thus the first layer, denoted by the superscript (), is a linear combination of the input varia-
L . 1 . 1 . . .
bles multiplied by weights, W(,-,-) plus biases W(,; and transformed using a nonlinear activa-

tion function £(.). The output of this first layer (a nonlinear function) then becomes the input

for the next layer, where new set of weights and biases are applied. In all, except the final,
layers of the network used in this study, the rectified linear unit (ReLU) was applied as the
activation function. Before the final output to the network, a suitable activation function,
which is determined by the data and type of the output variables must be chosen. As can be
inferred from equation (22), this activation function is different from the one used in the ear-
lier layers (also known as hidden units) of the network. The sofimax activation function ()
was chosen for the multiclass classification problem in this study to enable the Bayesian or
probabilistic interpretation of the output. The final output y,(X, W) is then a function of the

input and weight vectors respectively and £ = 1, 2, 3, ..., K, where K represents the total
number of final outputs (number of classes in our case). In general, the features are extracted
from the data (images) by performing convolution (using convolution kernels or filters) and
since information gets passed from earlier layers to later ones (forward propagation), hence
the name feed-forward neural networks.

2.4.1 The final activation and error functions

As outlined in chapter 5 of [70], and in relation to the choice (or otherwise) of suitable final
activation function and an error function, neural networks may be used to solve three main
types of problems. Standard regression tasks involve linear combinations of inputs, weights
and biases without an activation function, the sum-of-squares error is the appropriate error
function to be minimized. In the second type of problem (binary and multiple-independent
binary classification), the logistic sigmoid activation function is used to produce nonlinear
outputs. Then, as demonstrated by Simard et al. [95], the cross-entropy error function leads to
a shorter training time and improved generalization capabilities. The final type of problem (as
in this study) involves a multiclass classification in which the classes are mutually exclusive.
However, since classification tasks generally uses labels as outputs/targets instead of numeri-
cal values as used in regression tasks, a target-label to numerical coding scheme must be used
[70],[96]. For example, consider a total of K mutually exclusive classes (k=1, 2, ..., K), re-
sulting from a set of input and target vectors (X, ) respectively, the target-label # belonging

to a class £ may be coded as:

1, Forclass &
t, =4
0, All other classes
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In this case, the softmax (or normalized exponential) is applied (immediately after a fully
connected layer) as the final activation function, whose output is probabilistic and may be
expressed as; £(+) =y, (X, W) = p(, =1|.X) . This is the posterior probability (or conditional
probability) which is obtained through Bayes’ theorem [70] and expressed in terms of the
class-conditional and prior probabilities p(X|z,) and p(z,) respectively as:

p(X|t,)p(,) _ exp(a,) (23)
Z,- p(X|t)p(t)) Zjexp(a_,-)

P, =1|X)=

and a, =In p(X|z,)p(z,) . The multiclass cross-entropy error function is the appropriate error

function (see details in [70],[96]). This probabilistic interpretation of the network output is
the most suitable approach for the statistical analysis of the speckle pattern recorded from the
suspensions.

With a general view of the neural network for multiclass classification as a nonlinear function
constructed from a set of input and output vectors, parameterized by adjustable weights
(which include the biases), its training involves minimizing the error function by finding the
optimum weight vector (see [70],[96] for details).

2.4.2 Convolutional neural network architecture

In Figure 3.7, a plot of the convolutional neural network architecture is presented showing all
layers as nodes. Unlike the nomenclature suggested by [70] where only layers in which inputs
data get modified are counted, we simply adopt the nomenclature used in MATLAB for easy
reference. A detailed description of the network architecture will be presented in the related
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Figure 2.2: A plot of the network’s architecture, showing net-
work layers as nodes and interconnections. See description in
the publication (chapter 4).
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publication (see chapter 4) while a detailed analysis of one of the trained networks, provided
by MATLAB’s network analyser will be presented in Appendix. The analyser provides the
total learnable parameters and detail parameters of each layer/node.

2.5 Electrodynamic particle levitation

As already outlined in chapter 1, trapping and levitating of single/multiple particles enables
the verification of light scattering theories and, ultimately, the use of optical techniques or a
combination of them for particle characterization. It offers the possibility to observe/measure
scattering in the near-forward direction [97], rainbow angle [98], around 90° angle [99], [100]
and other directions or solid angles [60]. The movement of a non-weightless, charged particle
in an alternating quadrupole electric field can be perceived as the motion of a particle in a
pseudopotential (electric interactions + inertia) with a minimum. The motion can be de-
scribed with the so called Mathieu equations [101]. Though the theory and basic principles
are universally the same as reported almost 100 years before the first invention of the device
as a mass filter by Paul and Steinwedel [102], we will follow the derivation of Wolfgang Paul
as presented in his (Nobel Prize in Physics) lecture [59].

The Paul traps are generally categorized into two- or three-dimensional based on the field
configuration in the trap. The quadratic potential of the electric quadrupole field in Cartesian
coordinates is expressed as:

D=

)
2 (ax’+By* +yz%) (24)

o

where 7, 1s the distance from the centre of the trap to the electrode. When the Laplace condi-
tion (A® = 0) is applied, it is evident that the sum of the coefficients must equal zero
(a+ B+ y =0) to satisfy this condition. The field configuration can then be generated. Since

there exist two general ways to satisfy this equation, we consider the first case, where
(¢ =1=—y, B =0). Then equation (24) reduces to

0
O = ?(x2 -z%) (25)

o

This generates a two-dimensional field (see [59] for field configuration). By applying a com-
bined DC voltage U and an AC voltage V of frequency o, the amplitude in equation (25) is

given by @, =U +V coswr , and the equations of motion of the particle in the trap are

expressed as:

X+ e2 (U+Vcosawt)x =0
mr,
(26)
zZ— e2 U+Vcoswt)z=0
mr.

o

In the second case, o = g =1, y =—2, in which case equation (24) is expressed as:
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B ® (r*-22%)

()
2 2
ro+2z]

27)

This results in a three-dimensional field configuration (see [59] for field configuration). Simi-
larly, the equations of motion are:

X+ ez(U+Vcosa)t)x=O
mr,

y+ ez(UJerosa)t)y:O (28)
mr;

.. 2e

z———U+Vcoswt)z=0
mr.

o

Where e and m are the electric charge and mass, respectively, of the particle in the trap. The
time-dependent terms of the force obtained from these equations of motion of the particle in a
homogeneous field will equal zero upon averaging. On the contrary, in a quadrupole field
(which is inhomogeneous and periodic), there is always an average force (though small) di-
rected toward the centre where the field is small [103].

Now, we employ the Mathieu equations in dimensionless form,;

2

%+(a+2qcos2r)x =0
T

dy

dr’
2

%—2(a+2q cos27)z=0
T

+(a+2qgcos2rt)y=0 (29)

The coefficients a, ¢ and 7 can be found in relation to the particle properties and the trapping
field by comparing equation (29) with either equation (28) or (26) depending on the field
configuration used in trapping. Thus,

Qe 4eU _ 2elV r—ﬂ (30)
mrlw’’ 1 mrle’’ 2

Stability in the trap depends exclusively on the a and g parameters, irrespective of the initial
parameter of the motion of the charged particle, e.g. velocity. Stability diagrams of a vs ¢ for
both 2D and 3D field configuration have been plotted and explained in detail by [59][104].
Apart from the factor of 2 appearing in equation (27) and/or (28) for the 3D field which caus-
es the field in the z-direction to be stronger, the charged particles perform the same motion in
both field configurations. Thus, in both field configurations, the most relevant region within
the stability diagram is 0 < g, ¢ < 1, through which an operating line (a/q = constant) can be
drawn when r,, @, U and V' remain constant. In view of equation (30), all charged particles
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with the same m/e will be located at the same point in the stability region, while different
masses will be located at different points on the operating line.

Since the invention by Paul, there have been several reports of different experimental setup
designs or configurations of traps in literature. For example geometries similar to Paul’s —
made up of four hyperbolically/cylindrically shaped rod-electrodes arranged strategically in a
quadrupole configuration [59], [42], [105], [106]. A similar configuration made of four stain-
less steel electrodes arranged vertically but with an attached 60°-angle branching electrodes
(known as branched quadrupole trap) was reported by [107]. The configuration allows the
simultaneous dispensing of two different substances for chemical reaction to take place in the
trap. There are also the double ring geometry [60], [67], hyperboloidal geometry made up of
a ring electrode and two end-cap electrodes [59], [101], [103], [108], [109], cubic geometry,
made of six flat electrodes arranged into a hollow cube [110], and others [111]. A different
geometry reported by [112] consists of four tubes, pairs of which have the same dimensions.
The smaller tubes (inner-electrodes, 3 mm outer diameter) were separately mounted into the
larger tubes (outer-electrodes, 8 mm inner-diameter) such that, when arranged vertically with
a 4 mm air-gap between the outer-electrodes, the inner-electrodes will be separated by an 8
mm air-gap. This geometry, as demonstrated, provides a 360° view of the trapped droplet in
the horizontal plane [112], and a flow of gas through the tubes.

It must, however, be emphasized that there exist other trapping techniques, for example, in
the Penning trap [113] a magnetic field is applied alongside the electric field which can be
used to trap single atoms, electrons, and neutrons [59], [114].

In this study we have
used both the cylin-
drically shaped rod-
electrodes (the 2D-

trap) and a geometry /) \
/

N

made up of a hollow, ; \\ End-cap
top-flat, doughnut- / #¥ electrodes
shaped middle elec- ¢ ,”

trode and two end- Voltage‘*\\

cap electrodes (the connecting =»Laser port
3D-trap, see Figure 18305 r====>Middle electrode

2.2). These traps
were built in our lab
and developed over
several years with
several variants for
research [103],
[105], [115]. The
assembled and dis-

Insulating spacers

Figure 2.3: An earlier variant of the 3D electrodynamic trap, assem-
bled (top panel) and dis-assembled (bottom panel). The middle elec-
trode shows ports for both 90° and 270° view of the trap interior or
droplets.

assembled earlier
variant of the 3D-
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trap is presented in Figure 2.2, showing fewer ports. This geometry creates much smaller
volume of quadrupole field than a true hyperboloidal trap. The current modifications of the
3D-trap specific to this study will be presented partly in chapter 3 and partly in our publica-
tion (which will be reproduced in chapter 4) while the modifications of the 2D-trap will be

presented in chapter 3.
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Chapter 3
Experimental Methods

3.1 Chapter overview

Considering the foundation that has been laid already in both Chapters 1 and 2, the three sep-
arate experimental methods carried out will be presented in this chapter. In the case where the
results have been published, a summary of the experimental method and aspects not covered
in the related publication will be presented with citations when necessary.

3.2 Recognition of concentration-driven speckle changes from the “bulk medium” of a
real-world suspension (milk)

As stated in chapter 2, theoretically, the fundamental relation which can be used to analyse
the change in concentration and its effect on the intensity is equation (19). However, practi-
cally, the difficulty in differentiating between speckle patterns taken from samples with dif-
ferent concentrations lies in a number of reasons. Firstly, the total number of scatterers, N,
contributing to a chosen bright area cannot be determined. Specifically for moving scatterers,
all future N contributions to this and any other chosen area are nondeterministic. Secondly,
the irregular width, lengths and positions of these isolated bright areas appearing on the
whole pattern present a large-scale detailed structure that cannot be easily distinguished by
any analytical method. It must, however, be emphasized that though the speckle size — the
statistical average of the distance between adjacent regions of maximum brightness — may be
determined, it does not relate to the concentration of scatterers.

Beside the above reasons, there is a well-known phenomenon that, lower concentrations of
samples produce weak intensities while higher concentrations cause the intensity maxima to
exceed the camera’s dynamic range leading to overexposure. Though it is always beneficial
to use a camera with high dynamic range but the recording of speckle patterns from multiple
sample concentrations with the same exposure time does not allow fully developed speckle
pattern to be recorded from each sample. Since the most probable intensity in a fully devel-
oped speckle pattern is zero [44].

There are however other features like higher statistical momenta, speckle shape, fine features,
pixel co-occurrence, etc., originating e.g. from multiple scattering which increases with con-
centration, but which are not easily attributable or recognizable as attributable to concentra-
tion, but may be learned by a neural network.

In convolutional neural network environments, all the information processed by previous lay-
ers may be passed on to the subsequent layers without image dimensionality reduction,
though it requires higher computational resource. On the other hand, gradually reducing the
image dimension by taking the maximum value from each section of the image that the con-
volutional kernels are applied (known as Maxpooling) or computing the average of each im-
age after convolution (known as Globalpooling) have been shown to be very effective in
network training and classification while requiring less computational resource.

Hence in the first study, we used convolutional neural network to recognize speckle patterns
generated from milk samples of different fat contents (concentration) as well as investigated
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multiple scenarios of speckle recording and network training. The results and finding were
presented in a full research article and published in European Physical Journal Plus. With
permission from the journal, the article will be presented in Chapter 4.

3.3 Droplet sizing and tracking of evaporating microdroplets of pure liquids, liquid mix-
tures and suspensions

In the second study, the aim was to use convolutional neural network to recognize the sizes of
single (but different) droplets levitating in a quadrupole electrodynamic trap. This head-on
approach would involve injecting size-tailored droplets from a droplet injector, choosing the
right trapping parameters for trapping each droplet and generating a large dataset (of meas-
ured Mie scatting patterns) for training the neural network. As will be discussed below, this
approach poses significant problems at each stage of the process. Hence an established alter-
native method of injecting, trapping, balancing and evaporating single droplets was imple-
mented while generating theoretical dataset to train the convolutional neural network. This
approach is more advantageous and feasible to implement since a wide and continuous range
of droplet sizes is covered during each evaporation. Furthermore, larger theoretical dataset
can be generated for network training and a wider range of radii can be covered as opposed to
trapping single droplets of different sizes.

3.3.1 The trap, levitation of droplets and evaporation

The quadrupole electrodynamic trap used in this study was in-lab built and used extensively
with several modifications (see [115], [116]). The geometry discussed in chapter 2 was built
(see Figure 3.1) and ports were created for laser and white-light illuminations, cameras views,
and temperature/humidity sensor. A top port was created for the injector while the bottom
port allows the observation of the larger volume of the trap than the side ports. Top and bot-
tom ports also double as the venting ports for filling/flushing the trap chamber with dry nitro-
gen. The trap was kept in a climatic chamber and held in place at the top and bottom by two
insulating rings. The air-

gap between the trap and Droplet inig\gtor :
climatic chamber walls Electrodynamic
and the many ports enable  ¢r3p VX
the flow of dry nitrogen ~
gas through the chamber

and the trap. Since tubes To beam stop E’ q _ _ : 6

. . . From laser
with dark internal coatings b

were connected between ‘ 7 A Q P\_Jpolarizer

2 >Climatic chamber

the cameras and the
chamber, it can be consid-
ered as an isolated or

\4 - -
Humidity and
temperature

closed chamber with no v sensor port
external light interference. Droplet stabilization CCD . o
There is also minimal at- Mie scattering imaging CCD

mospheric influence — the

~

Figure 3.1: A schematic diagram of the 3D setup for measuring
chamber ~ was  loosely Mje scattering pattern from microdroplets.
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sealed so that the slight internal overpressure quickly equalized with the ambient atmosphere.

As demonstrated by Wolfgang Paul using the stability diagram, droplet trapping and levita-
tion (also known as balancing) is only possible when its mass-to-charge ratio falls within the
stability region (see Figure 2 and 7 in [59] or Figures 5 — 7 in [101]). For an evaporating
droplet, the AC field (used for trapping) and the DC field (used for trapping and balancing its
weight) must be continuously adjusted to keep it in the pseudo-potential minimum of the trap.

Typically, the droplet still undergoes a slow secular oscillatory motion (with a frequency w,
= Pw/2) which is modulated with a faster oscillatory micro-motion (at the frequency of the
AC field) [59]. As shown by Wolfgang Paul a ratio between these two frequencies can be
used as a criterion for stability selection. Critical values of this ratio permit that the displace-
ment made by the micro-motion averages out over a period of the oscillatory secular motion.
However, in this experiment the droplet stabilization was achieved by a proportional-integral-
derivative (PID-type) feedback loop which strives to keep the droplet in the “ground state” of
the trap, practically suppressing any secular motion. The working mechanism of the PID-type
feedback loop has been reported in multiple publications [87], [105].

The trap construction, as described above, also allows for temperature control and stabiliza-
tion. Hence, by choosing the appropriate temperature and humidity, the droplet can be made
to evaporate under different conditions (see examples [117], [118], [119]). The droplets were
injected into the trap using a droplet-on-demand injector.

3.3.2 Droplet injector design and injection

The droplet-on-demand injector used in the study is an in-lab built injector — a skill that has
been developed over time, producing multiple variants (see earlier publications [42], [103],
[105]). It was produced by melting the lower end of a fused silica microcapillary tube
(mounted vertically on a rotating motor (15 rps)) with a jeweller’s gas-oxygen micro-burner.
The melted lower end of the capillary then extended downward, due to gravity action, form-
ing an internally tapered capillary tube. It was then polished on fibre optic polishing films to
an exit orifice (nozzle) diameter of ~50 pm. The capillary was finally glued into a wired pie-
zoelectric tube (PTYY-0118, PI Ceramic GmbH). After vacuum drying, the injector can be
filled with liquid or suspension through a syringe and a flexible silicon tube pulled onto the
untampered end of the capillary.

The injector was mounted on the top-port of the climatic chamber with its nozzle extending
downwards to the top end-cap electrode of the trap (see Figure 3.1). The piezoelectric trans-
ducer was driven with a short bipolar electrical pulse for droplet injection. Typically, single
droplet can be produced by a careful investigation of the amplitude and pulse duration of the
electrical pulse versus the liquid’s inertia, viscous force, surface tension and droplet pinch-off
mechanisms (see [120], [121] and reference therein). Droplet size control may also be
achieved by a careful choice of these parameters but the injector nozzle diameter greatly dic-
tates the size range that can be produced [121]. In this study, however, on average multiple
droplets are produced during each injection so that by scanning the trapping field, a single
droplet (with the right mass-to-charge ratio) may be trapped. While the remaining droplets

27



simply escape the trapping field due to instability. Also, multiple pulse-signal amplitudes
ranging between 50 and 400 V and duration ranging between 10 and 30 us were applied to
achieve droplet size control and/or injection of different liquids/suspensions. Droplet charg-
ing was done mainly by charge separation upon exiting the injector nozzle into the external
field. External charging using a high voltage O-ring electrode mounted in front of the injector
nozzle is also applied in some cases.

Hence, due to the above reasons and the fact that droplet mass and charge are not fully con-
trollable during injection and not all injections result in successful trapping of droplets, it was
not feasible to perform experiments with size-tailored droplets. For example, trapping size-
tailored single droplets in each experimental run which could eventually be composed into a
well-defined droplet-size variation was not feasible. On the contrary, trapping single droplets
and evaporating them will ensure that a wide range of radii would be covered for the purpose
of this investigation.

3.3.3 Sample preparation

The samples were made up of: (i) pure diethylene glycol (DEG, 0.99 purity, BioUltra, GC,
Fluka), (i1) a liquid-liquid mixture of dipropylene glycol, (0.99 purity, mixture of isomers,
Alfa Aesar) and distilled water in volume ratio of 6:4 (DPG:H20), two suspensions of low
concentration: (iii) a mixture of diethylene glycol and monodispersed aqueous suspension of
polystyrene microspheres, in volume ratio of ~9:1 (DEG:PS) and (iv) a mixture of dipropyl-
ene glycol and monodispersed aqueous suspension of silica nanospheres, further diluted with
distilled water to a final volume ratio of ~5:4:1 (DPG:H20:S10.). The suspensions were pre-
pared by mixing and ultrasonication. The refractive indices of all the pure liquids were meas-
ured in a separate study and reported in our publications [122], [123]. The diameter of the PS
microspheres (2.5 wt% in manufactured suspension, SIGMA) was 1.1 pm, refractive index =
1.59. The diameter of SiO> nanospheres (5 wt%, Corpuscular Inc.) was 450 nm and refractive
index = 1.465.

3.3.4 Experimental considerations and measurement of Mie scattering patterns

As stated in chapter 2, the LMT presupposes illumination with a plane wave. In this experi-
ment with a coherent laser beam, a

plane wave was mimicked by a flat 4

wave-front in the beam waist, ﬂmt at the

achieved by passing a beam through @ e =7 centre of trap

an imaging lens [124] which creates a V C

I mm beam waist (diameter) at the §\\‘

centre of the trap. Then considering a

30 pum droplet located at this not- g o

tightly-focused beam waist, it can be

assumed to be illuminated with a

broad parallel beam (or plane wave). Figure 3.2: A schematic diagram (not drawn to scale)
of the droplet at the centre of the trap and a confocal

: ‘ imaging system projecting Mie scattering patterns
cal optical system was used to project onto a CCD (not shown).

Imaging lenses

As depicted in Figure 3.2 the confo-
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the Mie scattering patterns — centred on the 90 £+ 15.40° angle (azimuth) and +5° angle of ele-
vation — onto the CCD. The setup (purposely designed for droplet sizing) enables the meas-
urement of well resolved Mie scattering patterns (see Figure 3.3 (a) and (b)) from micro-
droplets of pure liquids. Such well resolved Mie scattering patterns will enable the compari-
son of theoretically generated pattern with the experimentally recorded ones leading to the
accurate sizing of the microdroplets and tracking of the radius evolution during their evapora-
tion.

In the case of microdroplets of suspensions, the Mie scattering patterns can still be recorded
but with a minimal influence of the colloidal particles on the internal fields at this point of
observation. Now we focus on the case of evaporating microdroplets of suspensions as intro-
duced in chapter 2. Figure 3.3 (c) and (d) represent the Mie scattering patterns recorded from
the initial and final stages (respectively) of evaporation of a microdroplet of suspension of PS
in DEG. The influence of the colloidal particles manifests as irregular and short-lived distor-
tions of the internal fields which can be observed in the Mie scattering patterns (see the
dashed-orange oval in Figure 3.3 (c)). These distortions get significantly more pronounced
when the droplet is getting to the end of evaporation where a solid aggregate is obtained.
These distorted patterns appear to take the structure of speckles, however, they are much
broader (see Figure 3.3 (d)) as compared to the speckle size that would have been obtained if
the same suspension were illuminated in a (thin) cuvette as we showed earlier [81]. Compare
also the speckle patterns recorded from a microdroplet of suspension at a different observa-
tion point (see the next section) with Figure 3.3 (d). Their maxima also seem to coincide
with the maxima (or centres) of the original Mie scattering pattern.

As a part of the scattering process,
transparent  droplets  produce
bright spots (also known as glare
points [125]) near their edges. It
has been shown by both geomet-
rical optics approximations and
LMT that the glare points are
formed from the exit points of
rays which are reflected and/or
refracted into those points [125].

Figure 3.3: Well-resolved Mie scattering pattern record-
o - ed from evaporating microdroplets of: pure DEG ((a)
Their intensities are several orders 4p4 (b)) and suspension of SiO> in DEG ((c) and (d)).
of magnitude higher than the rest The scattering patterns measured at the beginning (a)
of the Mie scattering patterns. and (c) and at the end (b) and (d) of evaporation are
Further detailed analysis of glare shown. The distortions caused by the nano-particle(s) to
the field in the droplet which manifests on the Mie scat-
tering pattern is indicated by the orange oval in (c). The
effect is enhanced towards the end of evaporation (d).
The difference in the signal-to-noise ratio between (b)
ments [126], [127] for large drop- and (d) is due to the fact that pure droplets can evaporate
let and bubble sizing [128], [129] to much smaller sizes than suspensions.

as well as tracking [61], [62],

points and their application can be
found in the literature — typically
in laser interferometric measure-
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[127].

However, the practical measurements of Mie scattering patterns are often achieved by setting
up a telescope to zoom into a small solid angle thereby cutting off the glare points and allow-
ing only the low-intensity part of Mie scattering patterns to be measured. In this experiment,
the glare points fall well outside the field-of-view defined by the observation geometry.

Since movies of the Mie scattering patterns were recorded over the entire evolution of each

trapped droplet, the measurement enabled the tracking of the temporal evolution of the mi-
crodroplets of the samples. Further details of laser illumination, data recording and extrac-
tion, theoretical data generation, grouping and labelling as well as network architecture, train-
ing and result analysis have been discussed in a publication which will be reproduced in
chapter 4.

3.4 Parameter-driven speckle changes from microdroplets of suspensions

Now we focus on the second category of scattering as introduced in chapter 2. The general
aim here is to measure scattering/speckle from the inclusions/scatterers in the microdroplets
medium, so that changes in the parameters of the suspension can be used to recognize and
classify the suspension. However, as discussed above, the optical system and the point of ob-
servation allowed Mie scattering from the spherical microdroplets to be measured with only
minimal influence from the scatterers. Since the “footprint” of scattering from the scatterers
was not very distinct, a different optical system was necessary. It must, however, be empha-
sized that a further modification of the optical system in Figure 3.2 and change in observation
point could have allowed the measurement of these speckle patterns from the inclusions.
Nonetheless, a design of an optical system which can be coupled with a linear trap (already in
use) was easy and allowed both setups to be used concurrently.

Figure 3.4 represents the linear trap
geometry with the coupled optical Rod electrodes
system (see [42] for details of the

first variant). The trap geometry

consisted of four cylindrically

shaped rod-electrodes. The four Droplet-on-
rod-electrodes (86.65 mm long and demand injector
diameter 4.75 mm) were strategical-
ly arranged and held together (at the
top and bottom) by two 3D-printed
holders. The rods then formed a  icrodroplet
square pattern with 4.80 mm dis-  of suspension
tance of separation along the sides.
This configuration was carefully

fitted into a hollow metallic cylin-

der (75.65 mm long) acting as a Figure 3.4: A schematic diagram of the 2D trap for
measuring speckle patterns from microdroplets of sus-
pensions.

Laser illumination

0.5 mm slit

D
camera
Imaging lens

Metallic cylinder

Annular disk

slectiod s 3D printed rod holder

shield (which in turn was fitted into
a 3D-printed climatic chamber, not
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shown). A 10 kV (AC) voltage was applied to the diagonal pairs of the rod-electrodes. The
frequency of the voltage ranged from 100 to 700 Hz, depending on the mass-to-charge ratio
of the droplet. In this case, the charged microdroplet is confined horizontally to a small vol-
ume but can still move along the vertical axis of the rod-electrodes.

Its vertical motion was constrained by two disc-electrodes with circular bores on the trap axis
(carefully insulated from the four rod-electrodes), mounted at the inner sides of the two 3D-
printed holders and driven with DC voltage. The configuration of the disc-electrodes used
produces a field with a gradient (rather than a uniform one), and thus it was possible to shift
the point at which the DC field counteracts the gravity action along the vertical axis, thus
freely moving the droplet along this direction. Obviously, the DC voltage used depends on
the trapped droplet mass-to-charge ratio.

The ports for laser illumination were created at the centre of both 3D-printed holders while
ports for both injector and camera were created across the centre-most part of the metallic
cylinder. A 15 mm focal length imaging lens was mounted at 20 mm from the trap producing
a magnified image of the droplet such that the speckles from the nanoparticles, around a 90°
angle to the illumination direction, can be registered on the CCD. A combination of factors
such as trap volume and weak scattering intensity from the nanoparticles, the influence of
higher intensities from the droplet’s glare points and the inverse relation between the speckle
size and aperture (slit) diameter dictated the recording of optimum speckle size at a longer
distance of 420 mm from the lens. A 0.5 mm slit was used to cut off the higher intensities
from the glare points on the droplets.

Its current state permits the measure-
ment of scattered light from the col-
loidal particles distributed in the vol-
ume of the microdroplet. Since these
measurements falls under the speckle
phenomenon, as discussed in previous
chapters, two parameter-driven speck-
le changes were investigated as out-
lined in the problem statement. Micro-
droplets of different concentrations of

Figure 3.5: Speckle pattern recorded from micro-
droplets of suspensions of two different concentra-
tions, 10 mg/ml (left panel) and 50 mg/ml (right
panel). Compare the speckle patterns at this obser-
colloidal suspensions (see Figure 3.5 vation point with Figure 3.3.

for speckle patterns measured from 10

and 50 mg/ml and compare with Figure 3.3) and the same concentration but different sizes of
microdroplets were measured. The neural network was trained for recognition and classifica-

tion (more speckle patterns and results will be presented in chapter 4).

3.4.1 Concentration-driven speckle changes

In the concentration-driven speckle changes measurements, approximately equal sizes of mi-
crodroplets of suspensions were produced but from different concentrations (5, 10, 20 30 and
50 mg) of Gd203 :1% Nd nanoparticles (o = 305 nm, the doping with Nd is of no importance
for these measurements, while the high refractive index of ~2 enables bright speckles) in
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DEG. When a droplet is trapped and balanced, it is illuminated vertically with a green laser
(wavelength = 532 nm) and the speckle patterns are recorded using a colour camera (Pike F-
032C, AVT, working in 8-bit mode). For each droplet, exactly 1000 images were recorded
with exposure time of 10 ms. Since it was not possible to simultaneously measure Mie scat-
tering pattern from this setup, an alternative method of droplet sizing (shadowgraphy [130])
was used to estimate the droplet size. It was achieved by recording the shadows of the drop-
lets within the time frame of measuring 1000 images. This procedure was repeated for each
concentration mentioned above.

The 640 x 480 images were normalized to 0 — 1 grayscale level and the network was trained
in a classification task with a randomized selection of 8:1:1 for the training, test and valida-
tion sets respectively.

3.4.2 Size-driven speckle changes

In this measurement, the droplet injector was not operating in a single droplet mode. When
the voltage amplitude and pulse duration used to drive the injector were varied, groups of
droplets with different size distribution were generated and then a single droplet was selected
by tuning the trapping AC/DC parameters. This allowed measuring droplet of somewhat dif-
ferent sizes. As illustrated in Figure 3.6, since different sizes of droplets were produced from
the same concentration, the changes in speckles will only occur as a result of the number of
scatterers in the droplets or the viewing volume. Here the analysis presented by Bruning and
Lo [41], involving two spherical particles system may be employed to explain the many pos-
sible scenarios of scattering. For example, the scenario in which two spherical inclusions are
aligned parallel to the direction of illumination or perpendicular to the observation direction
(with broadside illumination) or such alignment alike may be encountered. Furthermore, sce-
narios in which each inclusion is in each other’s far-field or in near-field are possible. The
difference, however, lies in the number of inclusions considered as well as the size of the
viewing volume. In this study, microdroplets of suspensions of sizes (diameter) ranging from
~124 down to ~35 um were trapped and their speckle patterns were recorded. As mentioned
above the speckle patterns recorded were analysed using convolutional neural network.

iy

Figure 3.6: A 2D illustration of the size-driven speckle changes. The small
droplet (a) will contribute less scatterers as compared to the big droplet (b).
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Chapter 4
Results and Discussions

4.1 Chapter overview

In this chapter, the results obtained from the separate investigations carried out will be pre-
sented in three parts as outlined in the problem statements. The results and findings obtained
from the first two investigations have already been published. Hence, in Part I and Part II the
copies of the publications (reproduced with permission) will be preceded by the publication’s
metadata (title, online resource and summary). Additional data and unpublished results (if
any) will be added as supplementary results under separate subsections. In Part III, the un-
published results of the last investigations will be presented and discussed in full, with rele-
vant citations (if any). Finally, a comparison between some aspects of the “bulk” and “mi-
crodroplet” media will be presented.

Partl

4.2 Investigation of parameters of suspensions in the “bulk medium”

Publication title: “Combining transmission speckle photography and convolutional neural
network for determination of fat content in cow milk: an exercise in classification of parame-
ters of a complex suspension”

The PDF version of this publication has been reproduced below, with permission from The
European Physical Journal Plus (as stated on their web page [131]). The online version may
be accessed from [81].

4.2.1 Supplementary materials in online data repository
Sample videos, extracted images and all the trained networks are available online at external
data repository (Mendeley Data) [132].

4.2.2 Summary of publication

In a 10 mm (circular diameter) by 50 um thin cuvette (which was built in the lab) the parame-
ters of complex milk suspensions (bulk medium) were investigated. Movies of the transmitted
speckles from these suspensions were recorded at different camera’s exposure-time protocols
and a convolutional neural network was trained using the two available training options
(ADAM and SGDM). The network was successfully trained in a classification task and the
optimum exposure-time protocol and network training option were chosen for further investi-
gation and validation. All results were confirmed with both test and independent data sets.
Detailed explanation of the investigation is presented in the publication as reproduced below.

4.2.3 A copy of the published article
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Part 11

4.3 Classification of radius evolution and tracking the evaporation rate of microdroplets
of pure liquids and suspensions

Publication title: “4 convolutional neural network technique for online tracking of the radi-
us evolution of levitating evaporating microdroplets of pure liquids, liquid mixtures and sus-
pensions”

The PDF version of this publication has been reproduced below, with permission from The
Journal of Quantitative Spectroscopy and Radiative Transfer [133]. The online version may
be accessed from [134].

4.3.1 Supplementary materials in online data repository
Sample experimental images, generated images and the trained networks are available online
at external data repository (Mendeley Data) [135].

4.3.2 Summary of publication

In this study, theoretical Mie scattering patterns were generated (and grouped into classes of
small ranges of radii) for evaporating microdroplets of pure liquids, liquid-liquid mixtures
and suspensions. A convolutional neural network was trained on the generated data and the
trained network was used to classify, sequentially, experimentally recorded Mie scattering
patterns from evaporating microdroplets. The freely evaporating droplets were levitated in a
quadrupole electrodynamic trap during measurements. The microdroplets were produced
from: (i) pure diethylene glycol, (i1) a suspension of diethylene glycol and monodispersed
aqueous solution of polystyrene microspheres, (iii) a mixture of dipropylene glycol and dis-
tilled water and (iv) a suspension of dipropylene glycol, distilled water and monodispersed
aqueous solution of silica nanospheres. The preparation of samples has been described in
chapter 3 and in the publication. The study enabled the tracking of the temporal radius evolu-
tion of microdroplets of pure liquids, liquid-liquid mixtures and suspensions with entry-level
accuracy.

4.3.3 A copy of the published article
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4.3.4 Supplementary results (unpublished)

Mie scattering patterns were measured from multiple droplets and the trained networks were
used to classify their patterns sequentially as stated in the publication. The measured but un-
published results will be presented in this section. These results include additional droplets

recorded from:

(1) pure diethylene glycol (DEG)

(i1) diethylene glycol and polystyrene suspension (DEG + PS)
(iii)  dipropylene glycol and distilled water mixture (DPG + H20) and
(iv)  dipropylene glycol, distilled water and silica suspensions (DPG + H2O +

Si0y).

(i) Supplementary results for pure
DEG
Figure 4.1 represents supplementary results
for two microdroplets of pure DEG. The
Stage 1 network (see publication) was used
to classify images from Droplet 3 and Stage
2> network was used to classify images from
Droplet 4. In each case the network was
chosen based on the initial radius of the
droplet and the data was classified sequen-
tially. These supplementary results validate
the robustness/stability of the technique and
the network over multiple measurements. As
can be seen in Figure 4.1 the main-branch of
evaporation curves can be traced from the
beginning to the end of evaporation. How-
ever, both curves seem to show spread of
data points due to initial contamination with
moisture causing the change of refractive
index of the droplet. This effect, as dis-
cussed in the publication, manifests in the
spread of points (see the dashed-orange cir-
cles in Figure 4.1). The region indicated by
the dashed-green circle in the evaporation
curve of Droplet 3 may again be attributed
to factors like the change of refractive index
due to increased content of impurities,
which have already been discussed in the
publication. Another factor that may be re-
sponsible for discontinuities of the main-
branch or the spread of data points, worth

Droplet 3
~ Stage 1 network

Class-average-radius [nm]
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Time [s]
_ Droplet 4
E. * Stage 2; network
@ 12000
&
= 10000
]
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©
O 4000
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Figure 4.1: Classification of experimental Mie
scattering patterns recorded from two micro-
droplets produced from pure DEG (see publi-
cation for Droplets 1 and 2). The networks
used for classification were chosen based on
initial droplet radius. The dashed-orange cir-
cles at the beginning of each curve indicate
contamination with moisture. The spread of
points indicated by the dashed-green circle
may be attributed to several factors discussed
in the publication.
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emphasizing here, is the minute variation (uncertainty) of the droplet’s position within the
trap. Droplets of suspension are particularly prone to it, since the stabilization loop using the
distorted image of the droplet yields more noise in stabilizing DC voltage, while droplets are
confined to relatively small volumes and the field may not be perfectly quadrupolar. Small
movements of the droplet result in small shifts of the Mie pattern, which are then misinter-
preted by the method.

(ii) Supplementary results for DEG + PS
In Figure 4.2, the supplementary results have been presented for two microdroplets of DEG +
PS suspension. In both cases there are multiple branches of possible evolution and a signifi-
cant spread of points. Considering these results and the results presented in the publication, it
seemed that, for microdroplets of suspensions, the choice of the refractive index of the high-
est constituent produced multiple branches of evaporation (see the publication for details).
Hence, two methods were applied/tested to find an optimal refractive index (which will rep-
resent an effective value for all the constituents of the suspension under study). Firstly, the
method of fitting theoretical scattering patterns to experiment (as done for pure DEG) was
applied to DEG + PS data. The refrac-

. . q- .. 12000 = % Bzdreer
tive indices, radii of droplets and tem- TS

peratures at which the generated data = 1g000 q
fits to experimental data were physically ;
meaningful and compatible with the ex- E s000
perimental conditions (see fit in Figure % 6000
2
4.3). 00
However, after training on such data, S 2o
the classification did not only produce 2000 ":_
multiple branches of evaporation but 0
also multiple discontinuities. Figure 4.4 ’ » 1 1ﬁ$ime [s.‘]JDD 0 -
represents a classification of the drop- 14000 .
lets presented in Figure 4.2 using a net- 12000 .':i_;"'*';r _
work trained on such fitted data (with  E LT
refractive index of 1.4425, droplet ini- §1n{nm}.
tial radii radius of 12695.6 nm and a E 8000
temperature of 21+0.2°C at which evap- g 6000 "~
oration was carried out, see Figure 4.3). & "
While this problem may still be attribut- % “0% .
ed to the choice of parameters, it may 2000 ;
also likely be caused by the distortions 0 - .
of the internal fields of the droplets by 0 100 200 300 400

Time [sl

the inclusions which manifest on the
Mie scattering patterns, as discussed in
chapter 3. So that fitting only produces

Figure 4.2: Classification of experimental Mie
scattering patterns recorded from two evaporating
microdroplets of DEG + PS suspension. Here the
physically meaningful parameters be- refractive index of DEG was used during data
cause mean scattering vectors are com- generation since it was the highest constituent.
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puted from the images during fitting while the
distortions are still present during image clas-
sification. Secondly, the volume ratio (of
DEG and the aqueous solution of PS) was
used to calculate the effective refractive index
but again, training on such data did not pro-
duce any improvement in the results either. It
appears that, surprisingly, the presence of the
suspended phase does not affect the effective
refractive index of the microdroplet strongly
enough to significantly alter the fundamental
Mie scattering pattern. The changes to the
scattering pattern seem to come mostly as a
coherent addition from scattering on the
(nano)particles of suspended phase.
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Figure 4.3: A fit of Mie theory to experi-
mental light scattering pattern recorded from
a microdroplet of suspension of polystyrene
in diethylene glycol at droplet radius of
12695.6 nm, refractive index of 1.4425 and a
temperature of 21+0.2°C.
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Figure 4.4: A reclassification of the droplets presented in Figure 4.2 using a network
trained on data generated after fitting Mie theory to experiment. These results of fitting
were compared with the results in Figure 4.2 where the refractive index of DEG was used

for training the network.

(iii) Supplementary results for DPG + H20
The result of classification of two different microdroplets recorded from a binary mixture of

DPG and H>O is presented in Figure 4.5. As can be seen there are multiple branches of evap-
oration which seem to have improved as compared to Figure 9 in the publication. The trend is

maintained in both cases with relatively fewer

points widespread. Here, it appears that liquid

water fraction is already in equilibrium with the atmosphere in the trap chamber in accord-
ance with the predictions of the evaporation model [117]. The highly volatile liquid (water)
evaporated rapidly at the beginning (not registered here) until equilibrium is reached, after

which the microdroplet composition changed

slowly. The influence of non-volatile or low-

volatility impurities is again evident in the observed slowdown of evaporation.

3
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(iv) Supplementary results for DPG + H20 + SiO2
The supplementary results for two microdroplets have been presented in Figure 4.6. These

droplets are rather small compared with that pre-
sented in the publication and seem to produce
very high classifications. Nonetheless, there are
still multiple branches of evaporation (indicated
by the orange arrows) and overlapping discontinu-
ities (indicated by dashed-green circles) in Figure
4.6. Interestingly, it can be observed in this figure
and in Figure 10(b) of the publication that the
method fails once the concentration of SiO, parti-
cles reaches approximately a 30-fold increase rel-
ative to the initial concentration at injection. In
contrast, for the PS suspension (Figure 4.2 and
Figure 10(a) in the publication), even a ~100-fold
increase in concentration does not cause the
method to fail — the cessation of radius decrease
toward the end of the evolution can still be ob-
served. This can probably be traced to different
inclusions distribution evolution for SiO> vs PS,
leading to different distortion manifestation (refer
to Figure 3.3 (d)). This has been partly studied
e.g. in [87]. Indeed, though the mixing ratio of
both SiO2 and PS were the same in their separate
suspensions (see section 2 in the publication), the
size difference (dsio2 = 0.45 pm and dps = 1.1 pm)
may have very well contributed to the effect. The
droplet of SiO> suspension will contain more par-
ticles than that of PS.
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Figure 4.5: Classification of experi-
mental Mie scattering patterns recorded
from two microdroplets of DPG + H>O
mixture. The network described in sec-
tion 4.3 of the publication was used for
classification.
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Figure 4.6: Result of classification of experimental Mie scattering patterns from two mi-
crodroplets of suspension of silica nanospheres in dipropylene glycol-water mixture. The

evaporation was performed at 25+0.2°C
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Part 111

4.4 Classification of size- and concentration-driven speckle changes recorded from the
“microdroplet medium”

As presented in chapter 3, the size-controlled speckle measurements were performed by pre-
paring two different suspensions of different concentrations. From each suspension, micro-
droplets of different sizes (diameter) were produced using the droplet injector. The concentra-
tion-controlled speckle measurements, on the other hand, were performed by preparing mul-
tiple concentrations of suspensions, while attempts were made to keep the droplet size simi-
lar. For each concentration, measurements were taken from two droplets, thus 1000 speckle
patterns from each droplet. In order not to be confused with the nomenclature used in Part II,
Drop-1 and Drop-2 are adopted here. In both cases the droplets were levitated in the linear
electrodynamic trap for measurements. The droplet’s shadow was measured to estimate its
size and the speckle patterns were recorded for the neural network training.

4.4.1 Size-driven speckle changes from the “microdroplet medium”
As discussed above, two different samples
were produced (15 mg/ml of Gd203 : 1%
Er: 18% Yb : 0.25% Nd (e= 212 nm) na-
noparticles in DEG and 50 mg/ml of
Gd203 : 1% Nd (o= 305 nm) nanoparticles
in DEG; here, the doping was of no im-
portance). Henceforth these suspensions
will be referred to as “Sample 1” and
“Sample 2” respectively. Nine droplets
were trapped and measured from Sample
1 while seven droplets were trapped and
measured from Sample 2. The speckle
patterns measured from Sample 2 are pre-
sented in Figure 4.7. For ease of reference
and representation, the speckle patterns
have been labeled (A - G) in Figure 4.7
and Table 4.1, where the estimated diame-
ters have been presented for both samples.
The speckle patterns recorded from Sam-
ple 1 have not been shown since they ap-
pear very similar to those presented in
Figure 4.7. However, their estimated di-
ameters have been presented in Table 4.1.
Though the droplets were not trapped in
order of increasing diameter, they have
been arranged as such for comparison’s

X : Ca < :
Figure 4.7: Speckle patterns (labeled A — G) rec-
orded from seven microdroplets of Sample 2 (50
mg/ml of Gd203 : 1% Nd (e= 305 nm)). The es-
timated diameters of the microdroplets have been
sake. presented in Table 4.1. The characteristic in-
) crease in number of bright regions in the speckle
In both cases, the same exposure fime patterns as the droplet size increases can be seen.
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(10 ms) was used to record the speckle and each

Droplets Diameter (um)
image was normalized by its highest intensity value. Sample 1 | Sample 2
The characteristic increase in intensity and the — Label
number of bright regions in the speckle patterns as 1 56.2 359 A
the droplet size increases can be seen in Figure 4.7 2 76.2 426 B
3 92.8 61.6 C
The neural network was trained separately on each 4 101.4 625 D
sample — thus 1000 images from each droplet result- 5 103.1 755 E
ing in a total of 9000 and 7000 images for Sample 1 6 111.1 95.9 F
and Sample 2 respectively. In both cases, the data 7 112.6 %8 G
L « i Ualidat 8 116.4
was divided into “Training”, ‘“Validation” and 5 D45

“Test” sets in proportions of 8:1:1, respectively for
network training. The independent set could not be  Table 4.1: Droplets labels and es-
composed here, which is of course a severe draw-  timated diameters corresponding to
back, because of the lack of guarantee that the drop- ~ the speckle patterns presented in
lets trapped would have equal diameters as the di- Figure 4.7

ameters of the droplets in the training data. The result of classification for both samples are
presented in Figure 4.8. The “Validation” and “Test” sets accuracies obtained for Sample 1
were respectively 96.44 % and 97.5 % while the accuracies for Sample 2 were respectively
96.29 % and 97.43 % for “Validation” and “Test” sets. There was no sense in classifying
Sample 2 with the network trained on Sample 1, since the samples had different concentra-
tions and nano-particle sizes. To check the generalization capabilities of the network, many

more droplets of the same suspension (concentration) must be recorded.
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Figure 4. 8: Classification of speckle patterns recorded from microdroplets of different
sizes produced from a suspension of 50 mg/ml of Gd>03 : 1% Nd (e= 305 nm) nanopar-
ticles in DEG (left panel) and 15 mg/ml of Gd2O3 : 1% Er : 18% Yb : 0.25% Nd (o=
212 nm) nanoparticles in DEG (right panel).
4.4.2 Concentration-driven speckle changes from the “microdroplet medium”
Five different suspensions were produced for these measurements (see Table 4.2). Technical-
ly, it was expected that equal droplet sizes would be produced from each concentration. So
that the speckle changes can be encoded in only the change in concentration. However, as
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discussed in section 3.3.2, several

Concentration Droplet diameter (um)
factors hindered the injection of ex- (mg/ml) Drop-1 Drop-2 | Average
actly equal sizes of the droplets. 5 103. 8 104. 8 104.3
Nonetheless, efforts were made to 10 101.2 89.8 95.5
inject equal sizes of the droplets. In 20 116.5 93.2 104.9
Table 4.2, the estimated diameters for 30 83.3 109.4 96.3

50 84.6 110.4 97.5

Drop-1 and Drop-2 as well as their

average diameters for each concen-
tration have been presented.

Table 4.2: Estimated diameters of microdroplets
produced from different concentrations of Gd,0s

: 1% Nd (o= 305 nm) nanoparticles in DEG.
As can be seen in the table, there are

slight differences between diameters of Drop-1 and Drop-2 and between droplets of different
concentrations. The differences, in some cases, are less than 1 um and in other cases higher.
For example, the difference in average diameter between 5 and 20 mg/ml and 10 and 30
mg/ml are respectively 0.6 and 0.8 um while 30 and 50 mg/ml and 10 and 20 mg/ml is re-
spectively 1.2 and 9.4 um.

Since the parameter that was varied to cause the change in speckle pattern is the concentra-
tion, it is expected that it would manifest as increase in intensities for higher concentrations.
On the other hand, the uncertainty of the number of particles in each microdroplet upon ejec-
tion from the droplet injector and the uncertainty of the number of such particles in the view-
ing volume are also expected to influence this phenomenon. In Figure 4.9, the speckle pat-
terns recorded from each droplet are presented. The patterns are presented from left to right
for increasing concentration, top panel, Drop-1 and bottom panel, Drop-2 for each concentra-
tion. Among all the patterns presented in Figure 4.9, the droplets recorded from 50 mg/ml
produced the highest intensity as expected. On the other hand, the droplets produced from the
5 mg/ml suspension produced weak intensities (also as expected), resulting in low signal-to-
noise ratio and a manifestation of artifacts from the optical system.

Figure 4.9: Speckle patterns recorded from microdroplets of different concentrations of
suspensions. From left to right, increasing concentration, top panel, Drop-1 for each con-
centration and bottom panel, Drop-2 for each concentration.

Figure 4.10 represents the classification of speckle patterns recorded from the different con-
centrations of Gd203 : 1% Nd (o= 305 nm) nanoparticles in DEG. The data was composed by
combining all the speckle patterns from one Drop-1 and half from Drop-2 — thus 1500 in total
for each concentration and 7500 for the whole sample set. This data was then divided into
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“Training”, “Validation” and “Test” sets as discussed above. The remaining 500 speckle pat-
terns served as the “Independent” set. Accuracies of 99.69%, 96.00% and 92.04% were
achieved for “Validation”, “Test” and “Independent” sets respectively. The 5 mg/ml case
should be excluded, since it may well be expected that the network learned the artifacts pre-
sent in the images. Considering the remaining cases, though the network trained very well,
the conclusion that the concentration can be reliably recognized cannot be safely drawn at
this point — the training data was too sparse versus the diameter variability, or otherwise the
diameter variability was still too large. Further experiments are still required.
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Figure 4.10: Classification of speckle patterns recorded from microdroplets of suspen-
sions of different concentrations (in mg/ml) of Gd>03 : 1% Nd (e= 305 nm) nanopar-
ticles in DEG. Left panel, result of classification of “Test” set, right panel, results of
classification of “Independent” set.
Nonetheless, the general ability of the network to train for both size- and concentration-
controlled speckle measurements from the microdroplet’s media seems to confirm the very
promising future applications of microdroplets of suspensions as micro-cuvettes for particle
characterization (in terms of type, inclusion size and/or concentration). Quite in line with
what has already been demonstrated by [107] who performed chemical reactions of micro-
droplets of different substances in a branched quadrupole trap, as already discussed in chapter
2. It must, however, be emphasized that for such future applications of this technique with
neural networks, larger data sets (with chosen/desired parameters) are required for training
the network. As can be inferred from the results presented above, the size variation of drop-
lets in the concentration-controlled measurements and the inability to perform size-tailored
measurements are still yet to be circumvented. Hence, the results of the measurements pre-
sented above should be seen as proof-of-principle.
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4.5 Comparison between the “bulk medium” and “microdroplet medium”

Despite the fact that the “bulk medium” consisted of milk as a colloidal suspension and the
“microdroplet medium” consisted of nano-particles, several aspects of the two media may be
compared.

Firstly, the 0.05 mm-thickness of the cuvette volume together with the 1.7 mm diameter of
the laser beam result in (an idealized) cylindrical scattering volume in the “bulk medium”.
This scattering volume of the suspension is significantly larger compared with the volume of
the microdroplets.

In the cuvette, the laser interacts with both the freely moving particles in the volume of the
suspension and (somewhat restricted) particles of the milk which are in contact with the sub-
strates (on both sides). On the other hand, the droplet is not in contact with any solid surface.
In the volume of the microdroplet, the particles are moving freely, while a specific restriction
may occur when the particles emerge and get stacked on the surface.

Furthermore, in the “bulk medium” a near forward (26.9° from the exit beam) transmitted
speckle patterns were measured. This configuration ensures that the scattering is strong, while
(when single scattering is considered) it depends more strongly on the scatterers size than on
their refractive index (contrast). On the other hand, scattering at 90° angle was measured from
the microdroplets. Scattering at a right angle is generally more sensitive to refractive index of
scatterers, however it must be kept in mind that the field inside a droplet — a spherical resona-
tor — and thus scattered on the suspended particles, cannot be considered as directional. We
take, however, great advantage of resonance properties of the system (droplet + particles in
suspended phase), which greatly increases its sensitivity to minute changes. Though weaker
in intensity due to droplet size and thus the number of scatterers as compared to the “bulk
medium”, the results show that even the small changes in droplet diameter and suspension
properties can be detected and measured.
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Chapter 5
Summary, Conclusions and Recommendations

5.1 Chapter overview

In this chapter, a summary of the study and key findings will be presented alongside some
recommendations for further studies and applications. It is expected that these conclusions
and recommendations will be useful in achieving the ultimate goal of the larger project. Fi-
nally, the declarations of contribution to each publication reproduced in Chapter 4, signed by
each co-author, will be presented in the Appendix.

5.2 Summary and Conclusions

As outlined in the problem statement of this study, (see chapter 1), several aspects of the ul-
timate goal of the project have been achieved. In one aspect, speckle measurements were
combined with convolutional neural networks for the recognition/classification of the param-
eters of suspensions in a “bulk medium”.

In the “bulk medium”, 10 pL of milk (which is a complex realistic suspension) samples of
different fat contents were loaded into a thin cuvette and a much smaller scattering volume
(0.05 mm-thick by 1.7 mm diameter) of the milk was illuminated with a laser. Speckle pat-
terns were generated and recorded using four different exposure-time protocols. A 35-layer
convolutional neural network was trained in a classification task. It was found that the net-
work trains better, produces higher accuracies and is very stable when the speckles were rec-
orded with shorter exposure times (but the same within one class) and the intensity histo-
grams were kept similar for all samples such that the most probable intensity is as close to
zero as possible. Though the network also produced high accuracies on the classification of
the test sets for longer exposure times (but the same within one class) and varying exposure
times within one class, training robustness and generalisation performance on the independ-
ent sets varied across protocols. Among them, one methodologically sound protocol was
identified as optimal.

In the other aspect of the measurements, “microdroplet medium”, both Mie theory and the
speckle phenomenon were combined with convolutional neural networks to recog-
nize/classify the parameters of pure liquids, liquid-mixtures and suspensions. As outlined al-
ready, Mie theory and its experimental methods have long been used to measure accurately
the size of various spherical particles and tracking of evaporation rates of microdroplets (in
general, particle characterization) by many authors. The results presented in this study show
how convolutional neural networks (upgraded to 41 layers) were trained (perhaps, the first
time in a classification task) to recognize Mie scattering patterns recorded from evaporating
microdroplets of pure liquids, liquid-mixtures and suspensions leading to the tracking of their
evaporation rate.

A wider radii range (1 — 30 um) was divider into classes of smaller radii ranges and theoreti-
cal Mie scattering patterns were generated for network training. The trained network was then
used to classify similar experimental scattering patterns sequentially. For microdroplets pro-
duced from pure liquids, it was found that the network was able to produce high classifica-
tions of the experimental data into their appropriate classes when the radii range was divided
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into class intervals of 10 nm. So that the error was estimated as = 5 nm from the class average
radius. With this class interval and accuracy, the evaporation rates of microdroplets of pure
liquids were tracked and smooth evaporation curves for each droplet could be inferred with
reasonable accuracy.

The results obtained from the microdroplets of liquid-mixtures and suspensions were rather
plagued with the effects of varying refractive index and distortions of the Mie scattering pat-
terns by the nano-particles in the microdroplets. Though the classification revealed the trends
of the evaporation curves, multiple “branches” of the curves were obtained, corresponding to
different possible scenarios of evolution.

In the case of speckle measurements from the microdroplets of suspensions, the diameters of
the microdroplets and the concentrations of the suspensions were encoded in the speckle pat-
tern. The study, though, should be seen as a proof-of-principle, the results reveal the signifi-
cant potential of the technique in particle characterization.

5.3 Recommendations

This study did not only emphasize the potential of combining optical measurement with the
fast and accurate processing of data by neural networks (as an optical-numerical system) but
also produced interesting results worth further investigations and application. However, be-
fore such endeavours the following recommendations may be considered first:

(1) The results obtained from the classification of Mie scattering patterns recorded
from microdroplets of suspensions and liquid-mixtures require optimization with
regards to finding/handling the effective refractive index. A single value, either
corresponding to the main component or found by fitting — using a few mean scat-
tering vectors, is not sufficient. It is recommended that a gradual variation of the
refractive index should be accounted for somehow. It may be achieved in two
ways: (1) varying/changing the refractive index of the main component gradually,
training the network on each value and classifying the experimental data until a
smooth evaporation curve is obtained (though the training would be very time-
consuming) and (ii) varying the refractive index between radii ranges, as was done
here (but with the same refractive index along the evaporation curve). In this ap-
proach, a single network may be trained on each radius range (or classes with var-
ying refractive indices) or series of networks for given radii ranges (or even re-
fractive-index-oriented networks). It must, however, be mentioned that this ap-
proach would require an accurate determination of the change in refractive index
withing such chosen radii or classes from experimental measurements.

(11) The two optical systems designed for the separate experimental measurements of
Mie scattering and speckle patterns can be combined into one experimental setup.
This can be achieved by recording the Mie scattering around the 90° angle (as dis-
cussed in the study) while the speckle pattern can be recorded around the 270° an-
gle, so that both can be recorded simultaneously. With such a setup, the size varia-
tion of the evaporating microdroplet can be, in many cases, more accurately

45



measured from the Mie scattering patterns, providing a better input for network
training on concentration variation and speckle measurements during evaporation.

(i11)  Finally, large data sets are required for training the convolutional neural network
on experimental data. For example, trapping and recording Mie scattering patterns
from nearly a million (or more) evaporating microdroplets and using standard Mie
calculations to accurately retrieve their sizes and refractive indices will provide a
well-diversified and accurately labelled data. Creating such data sets, though, re-
quire both human and computer resources, could possibly serve as a reference da-
ta set for the light scattering community and the scientific community at large.

5.4 Appendix

ANALYSIS RESULT

Name Type Activations Leamable Properties States

input Image Input 221(5) = 5@1(5) = 1{C) = 1(B)

221x501%1 images

convi 2-D Convolution 219(5) = 4899(5) = B4(C) = 1(B) |Weights 3 = 3 = 1 = 64

64 3x3x1 convolutions with stride [1 1] and padding [0 00 0 Bias 1=1x64

BN1 Batch Normalization | 218(5) = 499(5) = 64(C) = 1(B) |Offset 1 = 1 = 64 TrainedMean 1x1=64
Batch normalization with 64 channels Scale 1 =1 = 54 TrainedVariance 1 = 1 = 64
relu RelU 219(5) = 409(5) = 64(C) = 1(B)

RalU

MP1 2-D Max Pooling 189(5) = 249(5) = 64(C) = 1(B)

3%3 max pooling with stride [2 2] and padding [0 0 0 0]

convz 2-D Convolution 55(5) = 125(5) = 64{C) = 1{B) Weights 3 = 3 = 64 = G4

64 3x3x64 convolutions with stride [2 2] and padding [11 1 1] Bias 1x1x64

BNZ Batch Normalization  |55(S) = 125(5) = 64{C) = 1{B) Offset 1 =1 = 64 TrainedMean 1x1=64
Batch normalization with 64 channels Scale 1 =1 = 54 TrainedVariance 1 = 1 = 64
relu? RelU 55(S) * 125(S) = 64(C) = 1{B)

RalU

conv3 2-D Convolution 55(5) = 125(5) = &4{C) = 1(B) Weights 3 = 3 = 64 = g4

64 34364 convolutions with stride [1 1] and padding [11 1 1] Bias 1=1=64

skipConv1 2-D Convolution 55(5) = 125(5) = &4{C) = 1(B) Weights 1 = 1 = 64 = g4

64 1%1x64 convolutions with stride [2 2] and padding [0 0 0 0] Bias 1=1=64

add1 Addition 55(5) * 125(5) x 64(C) = 1(B)

Element-wise addition of 2 inputs

BN3 Batch Normalization |55(S) = 125(S) = 64{C) = 1{B) Offset 1 = 1 = 64 TrainedMean 1x=1x64
Batch normalization with 64 channels Scale 1 =1 = 54 TrainedVariance 1 = 1 = 64
relu3 ReLU 55(5) = 125(5) = 64(C) = 1{B)

RelU

MP3 2-D Max Pooling 27(5) = 62(5) = 64(C) = 1(B)

3x3 max pooling with stride [2 2] and padding [0 0 0 0]

convd 2-D Convolution 27(5) = 62(5) = B4[C) = 1(B) Weights 3 = 3 = 64 = G4

84 3x3x64 convolutions with stride [1 1] and padding [1 11 1] Bias 1x1x64

BN4 Batch Normalization |27(5) = 62(S) = 84(C) = 1(B) Offset 1 = 1 = 64 TrainedMean 1x=1x64
Batch normalization with 64 channels Scale 1 =1 = 54 TrainedVariance 1 = 1 = 64
relud ReLU 27(5) = B2(5) = B4(C) = 1(B)

RelU

convs 2-D Convolution 14(5) = 31(5) = 84(C) = 1(B) Weights 3 = 3 = 64 = 64

64 34364 convolutions with stride [2 2] and padding [11 1 1] Bias 1=1x=64

skipConv2 2-D Convolution 14(5) = 31(5) = 64(C) = 1(B) Weights 1 = 1 = 64 = g4

64 12164 convolutions with stride [2 2] and padding [0 0 0 0] Bias 1=1x=64

add2 Addition 14(5) = 31(5) = 64(C) = 1(B)

Element-wise addition of 2 inputs

BNS Eatch Mormalization |14(5) = 31(5) = 84(C) = 1(B) Offset 1 =1 = 64 TrainedMean 1=1x64
Batch normalization with 84 channels Scale 1 =1 = 54 TrainedVariance 1 = 1 = 64

Table 5.1: Detailed analysis of Stage 2> network provided by MATLAB’s deep network an-
alyser. The parameters of each layer from input (1) to BN5 (21) can be seen, while the con-
tinuation (22 to 41) is provided on page 84.
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2z |relub RelU 14{5) = 31(5) = 84(C) = 1(B) - -
ReLU
23 |MP5 2-D Max Pooling 12(5) = 29(5) = 64(C) = 1(B) - -
3x3 max pooling with stride [1 1] and padding [0 0 0 0]
2: |conveA 2-D Convolution 12(5) = 29(5) = 128(C) = 1(B) Weights 3 = 3 = 64 = 128 -
128 323264 convolutions with stride [1 1] and padding [1 111 Bias 11 =128
25 |BNBA Batch Mormalization  [12(5) = 29(5) = 128{C) = 1(8) Offset 1 = 1 = 128 TrainedMean 1 =1 =128
Batch normalization with 128 channals Scale 1 =1 = 128 TrainedVariance 1 = 1 = 128
25 |reluBA RelU 12{5) = 29(5) = 128(C) = 1(B) - -
ReLU
27 |MPGA 2-D Max Pooling 18(5) = 27(5) = 128(C) = 1(B) - -
3x3 max pooling with stride [1 1] and padding [0 0 0 0]
25 |comv7A 2-D Convolution S(5) = 14{S) = 256(C) = 1(8) Weights 3 = 3 = 128 = 256 |-
256 323128 convolutions with stride [2 2] and padding [11 1 1] Bias 1x1 = 256
22 [BNTA Batch Normalization  [5(5) = 14{S) = 256(C) = 1(8) Offset 1 = 1 = 256 TrainedMean 1= 1= 256
Batch normalization with 256 channels. Scale 1 = 1 = 256 TrainedVariance 1 = 1 = 256
= |reluTA RelU 5(5) = 14(5) = 256(C) = 1(B) - -
ReLU
] convge 2-D Convolution 12(5) = 29(5) = 256(C) = 1(B) Weights 3 = 3 = B4 = 256 -
256 3x3x84 convoalutions with stride [1 1] and padding [1 1 1 1] Bias 1x1 x 256
12 |BNG6B Eatch Mormalization |12(s) = 29(5) = 256(C) = 1(B) Offset 1 = 1 = 256 TrainedMean 1x1x 25
Batch normalization with 256 channels Scale 1 =1 = 256 TrainedVariance 1 = 1 = 256
2z |reluBB RellU 12(8) = 29(5) = 256{C) = 1(B) - -
RelLU
3¢ |MPBB 2-D Max Pooling 10(5) = 27(S) = 256(C) = 1(B) |- -
3x3 max pooling with stride [1 1] and padding [0 0 0 0]
35 [conv7B 2-D Convolution 5(5) = 14(S) = 382(C) = 1(B) Weights 3 = 3 = 256 = 382 -
382 3%3x256 convolutions with stride [2 2] and padding [11 1 1] Bias 1 =1 = 382
¥ |BNTB Eatch Mormalization |5(S) = 14(5) = 382(C) = 1(B) Offset 1 = 1 = 382 TrainedMean 1x1x 382
Batch normalization with 382 channels Scale 1 =1 = 382 TrainedVariance 1 = 1 = 332
a7 |relu7B RelLU 5(5) = 14(S) = 382(C) = 1(B) - -
RelLU
35 |concat_1 Depth concatenation [5(5) = 14(S) = 638(C) = 1(B) - -
Depth concatenation of 2 inputs
=2 |fc3 Fully Connected 1(5) = 1(5) = 1481(C) = 1(B) Weights 1421 = 44563 -
1401 fully connected layer Bias 1421 = 1
40 |softmax Softmax 1(5) = 1(5) = 1481(C) = 1(B) - -
softmas
41 | classif Classification Output |1(5) = 1(5) = 1481(C) = 1(B8) - -

crossentropyex with "Class 1 and 1400 other classes

A continuation of Table 5.1
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