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Properties of powders produced from drying solute-containing droplets arise from the dynamic redistribution of
solute during drying. While insights on the dynamic redistribution are instrumental for the rational design of
powders and for the optimized operation of equipment such as spray dryers, experimental techniques that allow
measuring the spatio-temporal concentration of solute in drying droplets are scarce. In this work, we explore and
demonstrate the use of optical coherence tomography (OCT) to measure the spatio-temporal concentration of
solute in drying droplets and the development of a solidifying shell at the liquid-air interface, using aqueous
droplets of maltodextrin as a model system. This work provides a solid foundation for the use of OCT to quantify
the dynamic redistribution of solute and link it to the development of the morphology of the produced particles
and agglomerates.

1. Introduction
Production of powders from solute-containing microdroplets is
fundamental to various processing technologies in the food and phar
maceutical sector (Santos et al., 2018). Bulk properties of powders, such
as flowability and dispersibility, are dictated by the morphology of the
produced agglomerates. Inspection of powders from processes such as
spray drying shows that agglomerates consist of particles with a wide
range of morphologies, including solid and hollow particles, with
smooth, crumbled, or broken shells (Walton, 2000). The morphology of
individual particles stems from the dynamic interplay between the
evaporation of solvent from the droplets and the redistribution of solute
such as carbohydrates, fibers, or proteins inside them (Sadek et al.,
2015). Solute can continuously redistribute in the interior of slowdrying droplets by diffusion, leading to solid particles without shells.
Conversely, solute accumulates at the surface of fast-drying droplets,
leading to particles with shells that may buckle depending on their
morphology and composition (Vehring, Foss, & Lechuga-Ballesteros,
2007; Bansal, Miglani, & Basu, 2015). The distribution of solute also
governs the dynamic properties of the droplets’ surfaces that can
temporarily become sticky, which promotes the formation of agglom
erates through collisions with other semi-wet particles (Sewalt, Zhang,
van Steijn, van Ommen, & Meesters, 2020; van der Hoeven, 2008). A

deep understanding of the dynamic redistribution of solute in drying
droplets is instrumental for two main reasons: First, from a particle
engineering perspective, it allows for the engineering of the final powder
structure. Second, from a process engineering perspective, it helps to
determine processing boundaries, enabling a more cost-efficient design
of equipment such as spray dryers.
Experimental techniques to study the drying of solute-containing
droplets allow immobilization of the droplet by deposition on a flat
solid surface, levitation in air, or suspension from a needle. While
brightfield imaging of such droplets elucidates the drying kinetics and
morphological changes (Fu, Woo, & Chen, 2012; Sadek et al., 2015),
measuring the dynamic redistribution of solute inside drying droplets
presents a significant challenge (Schutyser, Both, Siemons, Vaessen, &
Zhang, 2019). A fully dried particle’s surface can be characterized ex
situ with X-ray photoelectron spectroscopy (XPS) and confocal Raman
spectroscopy, showing the influence of solute component properties on
phase segregation (Nuzzo, Sloth, Brandner, Bergenstahl, & MillqvistFureby, 2015; Munoz-Ibanez et al., 2016; Nuzzo, Overgaard, Bergen
ståhl, & Millqvist-Fureby, 2017; Both, Nuzzo, Millqvist-Fureby, Boom, &
Schutyser, 2018). Arresting the state of the droplet at different instants
during the drying process by flash-freezing with liquid nitrogen provides
a means to construct the dynamics through ex situ characterization of
the chemical surface composition with XPS and the internal distribution
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with confocal microscopy (Foerster, Gengenbach, Woo, & Selomulya,
2016). Techniques for in situ probing the redistribution of solute in
drying micro-droplets are scarce (Lemoine & Castanet, 2013; Schutyser
et al., 2019; De Souza Lima, Ré, & Arlabosse, 2020). Examples include
rainbow refractometry (Lemoine & Castanet, 2013), which becomes
inaccurate upon introduction of gradients in the refractive index, nu
clear magnetic resonance spectroscopy (Griffith, Bayly, & Johns, 2008),
which is limited in spatial and temporal resolution, and Raman spec
troscopy (Tuckermann, Puskar, Zavabeti, Sekine, & McNaughton, 2009;
Quiño et al., 2015). Quiño et al., 2015 successfully used in situ Raman
microscopy to measure the component distribution of a large acetonewater droplet (d ≈2 mm) evaporating in an acoustic levitator. Howev
er, improving the resolution below 120 μm was difficult due to light
distortion near the liquid-air interface (De Souza Lima et al., 2020). A
promising in situ method is laser speckle imaging (LSI), as it can noninvasively probe inside turbid droplets at high spatial and temporal
resolution. LSI was used to visualize colloid particle mobility and the
‘coffee ring’ effect in a drying paint droplet with a spatial resolution up
to 5 μm (Van Der Kooij, Fokkink, Van Der Gucht, & Sprakel, 2016).
Another promising technique, which has received limited attention for
the application to drying droplets, and specifically for measuring the
dynamic solute distribution, is optical coherence tomography (OCT)
(Koponen & Haavisto, 2020). OCT was originally developed for the field
of ophthalmology and is a non-intrusive imaging technique that allows
characterization of opaque samples. It is based on a Michelson inter
ferometer that uses the back-scattering of near-infrared light to image
samples (Izatt, Choma, & Dhalla, 2015) The application to droplets has
focused on visualization of internal flow patterns (Srinivasan et al.,
2003; Manukyan et al., 2013; Edwards et al., 2018), visualization of
phase changes (Davidson et al., 2017), monitoring of rehydration (Lee,
Bathany, Ahn, Takayama, & Jung, 2016). In our view, OCT also has a
high potential to in situ measure the dynamic distribution of solute and
development of internal structures in evaporating droplets with micro
meter resolution.
In this work, we explore the use of OCT for the in situ measurement
of the dynamic distribution of solute during the drying of turbid solutecontaining droplets. We use a sessile maltodextrin droplet as the model
system, as maltodextrins are common in the food industry and their
influence on dried particle morphology is well known (Both et al., 2018;
Both, Siemons, Boom, & Schutyser, 2019; Siemons, Politiek, Boom, van
der Sman, & Schutyser, 2020). We demonstrate that OCT can be used to
measure the drying kinetics, the solute distribution, the formation of a
shell, and the internal convective flows. We demonstrate a method to
map the component concentration in a drying droplet by quantifying the
diffusivity of tracer particles, which can be used to estimate the local
viscosity, and hence maltodextrin concentration, with at least order-ofmagnitude accuracy. This work provides a solid foundation for using
OCT as a characterization method for drying droplets, where the insights
could guide the design of powders with desired properties. Additionally,
thus obtained data is crucial for the validation of theoretical/numerical
models of droplet drying (Meerdink & van’t Riet, 1995; Mezhericher,
Levy, & Borde, 2010).

AEROXIDE). Individual TiO2 nanoparticles have a diameter of 25 nm,
but they form larger agglomerates. The size of the TiO2 agglomerates
was measured before the measurements, as explained later. We will refer
to these agglomerates as TiO2 particles throughout this paper. While the
agglomeration affected their size, requiring calibration of the size in the
solution, we found that the optical advantages of TiO2 outweighed this
disadvantage.
2.2. Substrate preparation
Sylgard 184 Poly(dimethylsiloxane) (PDMS) elastomer and curing
agent were obtained for making a superhydrophobic substrate. PDMS
was degassed, poured onto polishing sandpaper (30000 grains/cm2,
Airbrush, Almere), and subsequently cured at 70 ◦ C overnight. Removal
of the sandpaper resulted in a PDMS substrate with micro-roughness.
The contact angle was determined optically from droplets of Milli-Q
water deposited on top of the substrate. The resulting contact angle
was 154 ± 4◦ .
2.3. Droplet drying experiment
Droplets were generated and ejected onto the superhydrophobic
substrate using a PipeJet P9 NanoDispenser (BioFluidix GmbH, Frei
burg) equipped with a nozzle having an orifice size of 500 μm. Using a
stroke of 100% and a stroke velocity of 80 μm s− 1, we generated droplets
with a volume of 42.2 nL, giving an equivalent spherical diameter of 432
μm. Immediately after droplet deposition on the substrate, the substrate
was placed on a micro stage under the imaging head of the OCT system,
with the imaging direction in the axial (z) direction, perpendicular to the
substrate, see Fig. 1. The micro stage allowed for rapid and precise
placement of the droplets. The approximate time between dispensing
the droplet and the start of OCT imaging was 9 s. During imaging,
droplets evaporated in ambient air with a temperature of 20 ◦ C and a
relative humidity of 35%. Their full evaporation took approximately 240
s.
2.4. Optical Coherence Tomography measurements
Measurements on the droplets were made with a high-resolution
spectral-domain OCT system (Ganymede-II-HR, Thorlabs Inc., Ger
many). This system was equipped with a long working distance lens
(OCT-LK4-BB lens, Thorlabs Inc., Germany) and used near-infrared light
with a center wavelength of λc = 900 nm and a bandwidth of 195 nm

2. Materials and methods
2.1. Solution preparation
Maltodextrin with a dextrose equivalent of 12 (MD12, Glucidex) was
mixed with deionized water to obtain a 10 wt% MD12 solution, which
has a viscosity of 1.1 mPas (Both et al., 2019). A 10 wt% MD12 con
centration was chosen to illustrate the possibilities of the OCT mea
surements, because drying of this solution does result in the formation of
a detectable skin at the interface, while the viscosity remains sufficiently
low throughout the drying process to characterize it with the chosen
OCT settings. Contrast in the OCT measurements was enhanced by
addition of 0.1 wt% titanium dioxide nanoparticles (TiO2 P25

Fig. 1. Rendered image of the optical coherence tomography setup with a
sessile maltodextrin (MD12) droplet. The yellow sheet indicates the orientation
of the 2D scans. The magenta line indicates the orientation of the 1D scans. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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(Callewaert, Dik, & Kalkman, 2017). It allowed imaging up to a depth of
1.89 mm, which is four times larger than the height of the droplets. By
overlapping the focus point of the OCT sample arm with the droplet, the
strength of the signal was maximized.
Two types of OCT measurements were performed on the drying
droplets, a sequence of 1D scans performed at a fixed location showing
the fast dynamics along a 1D line and a sequence of 1D scans taken while
moving the OCT beam laterally, showing the slower dynamics in a 2D
plane, see Fig. 1.
The dynamic redistribution of MD12 was measured by taking 1D
(often referred to as A-scans in the OCT literature) scans near the apex of
the droplets. Since interfaces that are perpendicular to the beam, i.e., the
air-liquid interface at the droplets’ apex, result in a high scattering in
tensity that can overload the sensor, we used a slight lateral offset to
avoid overexposure. Using Fourier domain OCT, all sampling volumes in
a single 1D scan, over the full depth of a droplet, were measured
simultaneously, with the dimensions of the sampling volumes of 6.7 μm
× 6.7 μm × 2.6 μm being dictated by the optical resolution in the lateral
(x and y) and axial (z) direction. We note that the axial resolution is
highest at the focus point and decreases slightly with increasing distance
from the focus point. In all of our experiments, the axial sampling res
olution was 1.95 μm, as this resolution is set by the spectral resolution of
the OCT system. Temporal fluctuations arising from the scattering of
light from TiO2 particles moving through the individual sampling vol
umes were measured by taking 10000 consecutive A-scans at a single
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trum in wavenumber (because the raw interference spectrum depends
on space on the spectrometer). The interpolation is essential to obtain
bandwidth-limited axial resolution. Third, an inverse Fourier transform
was applied to convert the signal from spectral to space-time domain
(Izatt et al., 2015). Fourth, the absolute value was taken to obtain the
final depth-resolved OCT amplitude |a(i,j,k)|, where the index i refers to
the discretized spatial z-location along the depth of the droplets, j refers
to the discretized y-location, and k to the discretized time. The index i
covers 1024 pixels and spans 1.89 mm. The droplet occupied roughly
300 of these pixels in depth at the start of the drying experiment. A
higher magnification was not possible as the axial range is determined
by the spectrometer in the OCT system. The ranges for j = 1…J and k =
1…K depend on whether a fast 1D scan or a slower 2D scan was ac
quired, as detailed below.
2.6. OCT signal processing - Determination of the spatio-temporal
diffusion coefficient of the TiO2 particles
The first type of OCT measurement was done to resolve the spatiotemporal diffusion coefficient of the TiO2 particles at a single and
fixed lateral position (J = 1) along the droplet’s center-line. A single
sequence of 1D scans comprises K = 10000 consecutive scans, such that
k runs from 1 to 10000. The temporal autocorrelation, α(i, j, k), was
calculated for each sampling volume along the depth, i.e. for each i.
Since there is a single y-position, we drop the index j and write
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lateral location at a rate of 5.5 kHz for a total scan time of 1.82 s. From
the resulting sequence of 1D scans (often referred to as an M-scan), the
diffusion coefficient of the TiO2 particles was determined, which in turn
was converted to the concentration of MD12, as explained later.
Consecutive M-scans were taken at intervals of 3.65 s (0.27 Hz) during
the drying period of 240 s. Hereafter, we will colloquially refer to Mscans as ‘1D OCT’ scans.
The dynamic changes in the 2D shape of a droplet and the internal
flows were measured by taking consecutive A-scans at a fixed x-position,
while the Galvano mirror of the OCT system swept the beam across the
droplet in the y-direction. 128 scans were taken along a sweep at a
frequency of 36 kHz. This resulted in a step size of 6.25 μm, which en
sures that the lateral resolution in the image was dictated by the optical
resolution of 6.7 μm. At each y-position, a single 1D scan over the depth
direction was made (and not 10000 consecutive scans as before), as this
type of measurement does not aim at resolving the rapid temporal
fluctuations inside the measurement volumes. The sequence of 128 1D
scans across the droplet was used to construct a 2D scan (often referred
to as a B-scan). Consecutive B-scans were taken at a frequency of 1 Hz
during a drying period of 240 s. Hereafter, we colloquially refer to
consecutive B-scans as ‘2D OCT’ scans.

with l the discretized lag index running from − K +1 to K − 1 and < |a(i)
| > the mean amplitude. The temporal autocorrelation for each sampling
volume provides insights on the time scale of the fluctuations in scat
tering intensity indicative for the local diffusion coefficient of the TiO2
particles, which depends on the local viscosity of the MD12 solution, and
hence on the local MD12 concentration. The local diffusion coefficient
was determined with two assumptions. First, assuming monodisperse
particles, the decay of α(i, l) can be described by a single exponential
decay. Second, assuming that particle diffusion causes the temporal
decay, the field decorrelates at a rate of Dq2 , with diffusion coefficient D
and the magnitude of the scattering vector q. This magnitude is calcu
lated using q = 4πnsin(θ/2)/λ, with the scattering wavelength in vac
uum λ, the refractive index of the medium n, and the scattering angle θ,
which is 180◦ in OCT. We used the central wavelength λc = 900 nm as
the scattering wavelength, as confirmed in previous work (Kalkman,
Sprik, & van Leeuwen, 2010). Since we defined the OCT signal as the
absolute value and the OCT magnitude is the product of two heterodyne
intensities, the measured signal decorrelates at a rate of 2Dq2 (Kalkman
et al., 2010). With these assumptions, the diffusion coefficient of the
TiO2 particles in each sampling volume, D(i), can be determined by
2

fitting g(i, l) = A(i)e− 2D(i)q l/f to α(i, l), with A(i) an amplitude fitting
parameter, D(i) the fitted diffusion coefficient, and f the acquisition
frequency of 5.5kHz. Fitting was done using nlinfit (MATLAB2017b).
Only the data where α had not reached zero yet was used to fit g(i, l).
While the value of A(i) at l = 0 equals 1 after normalization, we saw an
immediate drop in amplitude due to shot noise and ignored l = 0 when
fitting A(i). We found that fits with A(i) larger than 0.3 were accurate, i.
e., with the initial decay visible above the noise levels. Fits with lower

2.5. OCT signal processing - General
The raw interferometric OCT signals were acquired using Thor
Image® software (Thorlabs Inc.) and post-processed with MATLAB
(2017b). The processing consisted of the following steps. First, a refer
ence spectrum was subtracted from the signal. Second, the resulting
interference spectrum was interpolated in order to linearize the spec
3
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values of A(i) were excluded from further analysis. The depth-resolved
diffusion coefficients obtained from the fits were converted from dis
cretized positions to z-positions by multiplying i with the axial sampling
resolution (1.95 μm) and accounting for the refractive index. The D(z)
along the center-line was determined for each 1D sequence, while the 1D
sequences were taken at 0.27Hz to obtain the time-dependence. Hence,
a spatio-temporal map of D(z, t) was obtained. The influence of noise
was reduced by applying a median filter (5 × 5) in space and time for
the D(z, t) map. The value of a data point was replaced with the median
value of its neighbors in case its value deviated more than a factor 4 from
the median value.
We conclude by pointing out that the acquisition range of D(z, t)
depends on the sampling frequency (5.5kHz) and the number of suc
cessive scans (10000) in a single sequence. The sampling frequency
limits detection of short time scale fluctuations. We estimate, based on
half of the decay occurring in the first ten scans, an upper limit of
D ≈1.1E-12m2 s− 1. For a given frequency, the number of scans in a
sequence limits detection of longer time scale fluctuations. Assuming
that half the decay occurs over 10000 scans, we estimate a lower limit of
D ≈5.5E-16m2 s− 1 The settings used in the experiments were chosen
based on the expected dynamic range of TiO2 diffusion coefficients in
the drying droplets.

concentrated skin, and (iii) capture the internal flows. Unlike the 1D
scan, the 2D scan does not comprise temporal information (K = 1), but it
does comprise 1D scans at 128 y-positions (J = 128). Hence, a single
sequence |a(i, j, k = 1)| shows the (quasi-) instantaneous amplitude in
the 2D cross section of the droplet. This sequence is repeated at 1 Hz to
capture the dynamic changes during the drying period of 240 s.
The 2D shape of the droplets and the substrate location can be ob
tained from the OCT intensity. A circle fitting algorithm was used to fit a
circle to the detected droplet interface for calculating the height h(t) and
the radius R(t) of the droplet as a function of time. From these param
eters, the equivalent spherical diameter d(t) was calculated using the
geometrical relation for a spherical cap. Since we observed that the
hollow particle that formed has the shape of a spherical cap, we used the
spherical-cap description throughout the drying process.
The internal flow inside the droplet was determined by analyzing
subsequent 2D OCT images using a particle image velocimetry algorithm
implemented in DaVis software (LaVision, Germany). The onset of skin
formation and the thickness of this skin were analyzed using the vari
ance in intensity, further explained in the results section.
3. Results and discussion
3.1. Drying kinetics from 2D OCT images

2.7. Testing of the diffusion coefficient determination method

Before we discuss the kinetics of the droplet drying process, we first
discuss the general features visible in the 2D OCT images of a drying
droplet. The first panel in Fig. 2a shows the 2D cross section of a sessile
droplet shortly after the start of the drying experiment. The droplet is
visible as a bright speckled area arising from the scattering of light from
tracers against a dark background of the surrounding air where no
backscattering takes place. The surface of the flat substrate is visible as
the bright horizontal line from specularly reflected light, extending left
and right from the droplet, which is best visible in the other three panels
where the droplet has shrunk. The panels show that the droplet appears
to extend into the flat substrate. While a similar observation is seen in
brightfield microscopy images taken from the side of sessile droplets
(Both et al., 2018), the explanation for this observation is different. In
brightfield images, it is a reflection that itself does not contain infor
mation. In the OCT images, extension into the substrate is caused by a
difference between the length of the path traveled through the air
(physical path) and through the liquid droplet (optical path). We note
that the substrate, which appears curved beneath the droplet, is hardly
visible due to substantial multiple scattering. For the construction of the
2D OCT images, we used the physical path length, with a spacing be
tween pixels in the z-direction of 1.84 μm. The optical path length is a
factor 1.33 longer, which stems from the ratio of the refractive indices of
liquid and air. The flat substrate is displayed at the correct height
outside the droplet, but it appears lower inside the droplet due to the
longer optical path (Manukyan et al., 2013; Edwards et al., 2018). The
air-liquid interface is displayed at the correct location. Hence, we can
use the 2D OCT images to analyze how the shape of the droplet evolves
in time. Only close to the substrate, the interface cannot be resolved for
droplets at hydrophobic substrates (contact angle over 90◦ ), as the beam
is strongly deflected at the edges of the droplet (Manukyan et al., 2013).
Besides the external shape of the droplet, OCT images have the great
advantage of also showing the internal structures of the droplet. The
fourth panel, measured at 250 s, shows a dark area inside the droplet
that has the same brightness as the background. The absence of scat
tering particles and what looks like the substrate being slightly visible at
approximately the same height as outside the droplet, indicates that a
gaseous vacuole has formed. The morphology of the fully dried droplet
under the used conditions is a hollow spherical cap. Since the final
morphology depends on the redistribution of solute and hence on the
drying conditions, other morphologies have also been reported in
literature for MD12 solutions (Both et al., 2018; Bylaitë, Venskutonis, &
Mapdpierienë, 2001; Siemons et al., 2020).

The accuracy of the diffusion coefficient determination method was
tested using an aqueous 2.5 wt% solution of monodisperse polystyrene
particles (Polysciences, Inc.) with a reported diameter of d = 104±6nm.
This size was confirmed by measuring a diluted sample (0.26 wt%) with
dynamic light scattering (Malvern Zetasizer Nano ZS), resulting in d =
107 ± 2 nm. The accuracy test was done by dispensing several milliliters
of the solution in a cuvette. The cuvette was sealed with a transparent
cover to prevent evaporation and corresponding convective flows. The
fitted D(z) from 100 consecutive axial depths in the liquid was averaged
̂ = 5 ± 1 μm2 s− 1. The Stokes-Einstein equation was
and resulted in D

used to calculate the theoretical D of the polystyrene particles using the
reported diameter as D = 4.13 ± 0.08μm2 s− 1. Hence, there was a good
agreement between the D obtained with OCT and the theoretical D. The
observed precision is acceptable for the purpose of the droplet drying
measurements, because the diffusion coefficient in the droplet drying
experiments is expected to change over several orders of magnitude. We
repeated the cuvette measurements on two different occasions using the
̂ = 0.4 ±
TiO2 tracer particles in 10 wt% MD12 solution, resulting in D

0.2 μm2 s−

1

̂ = 0.4 ± 0.2 μm2 s− 1, showing a good reproducibility.
and D

2.8. Determination of the spatio-temporal viscosity and concentration of
the MD12 solution
The obtained diffusion coefficient D(z, t) provides insights on the
viscosity η(z, t), and hence on the MD12 concentration c(z, t). We used
the Stokes-Einstein equation to determine the viscosity using η(z, t) =
kB T/3πD(z, t)d, with kB T the thermal energy and d the diameter of the
TiO2 particles, which was determined before each experiment using the
sealed cuvette method as described in the previous section. The MD12
concentration c(z, t) was determined from Equation 5 in the work by
Both et al. (2019) on aqueous MD12 solutions. We used the fitting pa
rameters found by the authors for calculating c(z, t) from η(z, t). Since
our work used the same maltodextrin batches as the work of Both et al.
(2019), we can use their fitted parameters for this calculation without
introducing errors due to batch differences.
2.9. OCT signal processing - Droplet drying kinetics and internal flow
The 2D OCT measurements were done to (i) determine the dynamic
changes in the 2D shape of the droplets, (ii) detect the formation of a
4
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Fig. 2. Drying kinetics. (a) Selected images from
the 2D OCT-scans at 10 s, 130 s, 190 s and 250 s
of evaporation. Brighter pixels correspond to
greater scattering intensity. The scale-bar is 100
μm. The green circles indicate the fitting result.
The black arrow indicates the vacuole. (b)
Droplet drying kinetics from the application of
the circle fitting algorithm to the 2D scans. With
d being the equivalent spherical diameter. The
two dashed lines indicate the regime transitions
as analyzed from the drying curve. A linear trendline is fitted through the initial 20 s for compar
ison of the measured drying curve with the con
stant drying rate curve. (For interpretation of the
references to colour in this figure legend, the
reader is referred to the web version of this
article.)

We quantified the drying kinetics of the droplet by analyzing the
dynamic change in the external shape of the droplet, see supplementary
video 1 for a video of the 2D OCT images. The theory for drying droplets
without solute predicts that the diameter of a spherical droplet decreases
with the square root of time (Jakubczyk, Kolwas, Derkachov, Kolwas, &
Zientara, 2012). Hence, we expect the square of the droplet diameter to
linearly decrease in time until the accumulation of MD12 at the airliquid interface starts to hinder the evaporation process. We fitted a

circle to the shape of the droplet in each of the consecutive 2D OCT
images using the routine explained before and plotted the normalized
square of the diameter (d2 (t)/d2 (0)) as a function of time. Initially, the
d2 indeed decreased linearly in time, which is seen in Fig. 2b. The initial
drying rate, κ, found by fitting the measured d2 in the first 20 s against
the relation d2 = d20 − κt with d0 = 432 μm, is equal to κ = 8.8E2 μm2 s− 1.
Based on this initial rate, full evaporation of the droplet is expected to
take 213 s. After the first regime with drying at a constant rate, a second
Fig. 3. Convective flow characterization. The scalebar is 100 μm. (a) Velocity vector field at t = 9 s, as
obtained from the particle image velocimetry anal
ysis. Blue indicates a low velocity and orange in
dicates a high velocity. The yellow box indicates the
region from which the mean upward velocity ̂
u was
determined. (b) Mean upward velocity ̂
u during
droplet drying. The gray bars show the standard de
viation. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web
version of this article.)
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regime is visible in which drying occurs at a decreasing rate. The tran
sition between the two regimes occurs around 60 s, observed as a de
viation of the data from the linear fit, see Fig. 2b. After about 160 s, a
third regime is visible, referred to as the locking phase, in which the
shape remains constant indicative for reaching a critical surface con
centration (Mezhericher et al., 2012). At the transition between the
second and third regime, known as the locking point, invagination of the
droplet surface starts near the droplet’s apex, eventually forming a
vacuole inside the droplet. Surface invagination close to the apex has
been reported in previous work and can be attributed to inhomogeneous
evaporation (Bouman, Venema, de Vries, van der Linden, & Schutyser,
2016; Bansal et al., 2015). The onset of the invagination can be seen in
the third panel (190 s) of Fig. 2a as a concave deformation of the
interface. With OCT, it is easily confirmed that the forming vacuole
contains gas, as the extension effect due to a difference in refractive
index is suppressed in the region of the vacuole, there is no observable
scattering and the location of the planar substrate is at the same height
as the location of the substrate outside the droplet (Fig. 2a - 250 s). While
OCT, like brightfield imaging, allows determining the drying curve,
including the transitions between the three regimes, it also allows
studying the formation of the skin and determining the spatio-temporal
viscosity and MD12 concentration, as detailed later.

3.3. Skin formation from 2D OCT images

3.2. Internal flow from 2D OCT images

exponential function p(r) = σ2min +(σ 2max − σ2min )⋅e(− 1.2 ) with σ2min and
σ 2max the minimum and maximum variance along the radius, respec
tively. The factor 1.2 in the exponent was manually determined to match
the curve of p(r) with the gradual decrease of the variance at the tran
sition point. The location rskin along the line where the variance was

The 2D OCT images were also used to study the formation of a solid
skin at the droplets interface. The temporal fluctuations in brightness in
subsequent 2D images contain information about the dynamics. Rapid
fluctuations correspond to liquid regions, while slower fluctuations
correspond to highly viscous or solid regions. We started the analysis by
removing the background of the raw 2D OCT images presented in
Fig. 2a, see the result in Fig. 4a. We then analyzed the temporal variation
in the intensity of each pixel for a moving time window of 3 subsequent
images, which we found to be optimal for identifying skin and bulk after
testing a range of 2–11 subsequent images. The values of the variance σ2
are presented in the panels in Fig. 4b, with a higher brightness corre
sponding to a higher variance. In the first two panels, the brightness is
uniform across the droplet. The last two panels show a darkened area
near the interface with less fluctuations that is indicative of a solidifying
skin.
We quantified the dynamics of skin formation as follows: for each
image, we determined the center of the circle that describes the inter
face. Then, while ignoring all pixels below that center, we analyzed the
variance as a function of the distance from the center σ 2 (r). The tran
sition from liquid to solid is gradual, which results in a gradual decrease
of σ 2 (r) with increasing r. We fitted the profile σ2 (r) with an arbitrary
r− b

The 2D OCT images can also be used to get an impression of the
internal flow, with the TiO2 agglomerates acting as tracer particles. The
scattering of the individual agglomerates was sufficient to allow per
forming particle image velocimetry on the 2D OCT images. Hence, we
analyzed the 2D OCT images to get an estimation of the magnitude of the
internal flow along the center-line of the droplet. This information is
essential to confidently quantify the contribution of convection when
later analyzing the fast 1D OCT scans to resolve the spatio-temporal
diffusion coefficient of the TiO2 particles, as well as the viscosity and
the MD12 concentration along the center-line of the droplet.
A recirculation flow pattern was observed in the droplet, with an
upward flow in the center and a downward flow along the interface, see
Fig. 3a. Other work has shown that this pattern is characteristic for
droplets on hydrophobic substrates and caused by inhomogeneous
evaporation that results in thermocapillary driven flows, also known as
Marangoni flows (Manukyan et al., 2013; Edwards et al., 2018) The
largest velocities were found in the central region, which is where the 1D
OCT scans were performed. The average velocity ̂
u in the central region
indicated by the yellow rectangle is about 20 μm s− 1 at the start of
drying, see Fig. 3b. This velocity gradually decreases, which is explained
by the increasing viscosity of the droplet as evaporation proceeds.

r

− b

halfway its minimum and maximum value, i.e. e(− 1.2 skin ) = 0.5, was
taken as the transition between solid and liquid. For each image, we
determined the skin thickness, δ = R − rskin , with R(t) the fitted droplet
radius. By analyzing consecutive images, we determined how the skin
thickness increases in time δ(t). We divided the obtained thickness by
the refractive index of water to correct for the optical extension in the
OCT images.
Fig. 4c show the dynamics of the skin thickness δ(t). Skin formation
starts about 15 s before locking of the droplet. At the start of the third
regime, the skin grew to a thickness of 20 ± 3 μm. The skin reaches a
maximum of 87 ± 2 μm at 217 s. Interestingly, δ(t) decreases to about 40
μm as the end of drying approaches. From supplementary video 2, which
shows the variance images, this effect looks to be caused by the moving
front of the vacuole, which appears to compress the stagnant skin region.
Comparing the measured skin thickness to the thickness estimated based
on the total solids content provides a clue about how dry the stagnant
layer is. With an initial droplet volume of 4.2E-11 m3 and an initial

Fig. 4. Detection of the stagnant skin from the 2D OCT scans. The scale-bar is 100 μm. (a) OCT 2D intensity images with the droplet isolated from the background.
(b) The images constructed from the temporal variance of the OCT intensity. (c) The skin thickness δ(t) as determined from the variance figures in (b). The error bars
indicate the 95% confidence interval of the fit. The regimes, as found in Fig. 2, are also indicated in the figure.
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concentration of 10 wt%, the total solids contents is 5.1 μg. Assuming
the skin to be fully dry and amorphous, the volume of the skin follows
from the total solids contents and the density of dry amorphous mal
trodextrin (1.1–1.4 gm L− 1 (Takeiti, Kieckbusch, & Collares-Queiroz,
2010)). With an outer radius of 141 μm at 250 s, we estimate the
thickness of the skin to be about 20 μm. The measured skin thickness is
about 40 μm, showing that the stagnant layer observed in the mea
surements is not fully dry.

ficient in this region differs at least one order of magnitude from the
diffusion coefficient in the core of the droplet. Fig. 5a shows that this
region grows to a thickness of about 10μm in the first 100s. The
decreased diffusion coefficient indicates that MD12 accumulates near
the substrate, which may be attributed to the internal recirculations
(Bansal et al., 2015; Bansal, Sanyal, Kabi, Pathak, & Basu, 2018) as
observed in the particle image velocimetry analysis of the 2D OCT scans.
3.4.2. Contribution of convective flow to measurement of D(z, t)
The autocorrelation of the 1D OCT scans used to determine the
spatio-temporal diffusion coefficient of the TiO2 particles is affected by
diffusion and convection of those particles. We neglected the convective
contribution in our quantitative analysis. Here, we justify that. The
contribution to the autocorrelation of the 1D OCT scans by convective
[ ]2

3.4. Measuring the dynamic intra-droplet solute redistribution
3.4.1. Spatio-temporal diffusion coefficient of TiO2 particles
We now turn to the main point of the paper, which is to explore the
use of OCT to determine the spatio-temporal redistribution of solute in a
drying droplet. This redistribution of solute was measured using the fast
1D OCT data obtained along the center-line of the droplet. A map of the
diffusion coefficient, D(z, t), is shown in Fig. 5a. Initially, the diffusion
coefficient is uniform across the height of the droplet, which is consis
tent with a uniform distribution of TiO2, and averages to D = 2.9E-13m2
s− 1. Over time, the diffusion coefficient in the region near the interface
decreases, seen from the change from yellow to purple. Additionally, the
region at the interface with a reduced diffusion coefficient widens over
time. Further inspection of the autocorrelation curves in the low D re
gion near the interface showed that the lowest measurable diffusion
coefficient was D ≈5.3E-15 m2 s− 1, which is larger than the estimated
lower detection limit of D ≈5.5E-16 m2 s− 1. For values of D below the
measurable ones, the amplitude of the autocorrelation function was too
low (A < 0.3) to perform a faithful fit. The reason for why the estimated
lower detection limit was not reached is not clear, although, we expect
that over the timescale of the entire M-scan accumulation of noise leads
to a reduced signal quality. When reaching t = 195s, the measured
height becomes zero, and only the bright line of the PDMS substrate
remained on the OCT scan. Visual observation post factum showed that a
vacuole had formed inside the droplet, similar to what was seen in
Fig. 2a, but, the hole in the shell that lead to the vacuole formed at the
droplet’s apex. Hence, the OCT bundle went through the hole hitting the
PDMS substrate without hitting parts of the partially-dried droplet. We
can identify this time where the measured height goes to zero as the
transition to the third drying regime. Since we had no access to the
spherical diameter of this droplet, the transition to the second regime
was not determined.
A final feature we point out in the map is the growing region of
decreasing diffusion coefficient near the substrate. The diffusion coef

− 2

uz l
wz f

flow is described by e
, with l the discretized lag time, f the
acquisition frequency, uz the velocity in the direction of the beam, and
wz the beam radius in the axial direction. For Fourier-domain OCT, the
axial beam radius is approximately equal to the coherence length of
2.6μm (Weiss, van Leeuwen, & Kalkman, 2015). The contribution by
2

diffusion is described by e− 2Dq l/f . The two contributions are multipli
cative in the autocorrelation function, such that the contribution by
convection can be neglected with respect to the contribution by diffu

sion when [(fw2z )/(lu2z )]/(Dq2 )− 1 ≫1. Using the values for uz and D at the
start of drying, i.e. vz ≈20μm s− 1 and D ≈3E-13m2 s− 1, together with a
2

lag time of l/f = 18/5500 s as estimated from e− 2Dq l/f ≈ 0.5, we find
that this criterion is met by two orders of magnitude. During drying, the
convective flow velocity lessens in the bulk region and becomes negli
gible in the skin region. Considering a drying time of t ≈140 s, at which
we take a conservative velocity of uz = 10 μm s− 1, a diffusion coefficient
in the bulk region of D ≈6E-14m2 s− 1, and a lag time of l/f =93/5500 s
2

for e− 2Dq l/f ≈ 0.5, we find, again, that the criterion is met by two orders
of magnitude. While we considered the axial velocity in this analysis, the
lateral velocity also influences the correlation, however, it is signifi
cantly lower than the axial velocity as evident from Fig. 3 and its
contribution can be safely neglected. Hence, the contribution of both
axial and lateral convection to the decay of the autocorrelation function
can be confidently neglected under the here-tested conditions.
3.4.3. Spatio-temporal viscosity and concentration of MD12 solution
We determined the spatio-temporal viscosity η(z, t) and, subse

Fig. 5. Mapping of the intra-droplet properties. (a) Local logarithmic diffusion coefficient of the TiO2 particles. (b) Local MD12 concentration. In both figures, the
black line indicates the height of the droplet, as determines from the 1D OCT scans. The dashed lines indicate the transition between the different drying regimes.
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quently, the MD12 concentration c(z, t) based on the spatio-temporal
diffusion coefficient of the TiO2 particles as explained in Section 2.8.
The features in the MD12 concentration map are similar to the features
in the map of the diffusion coefficient of the TiO2 particles. The con
centration map is shown in Fig. 5b. The initial concentration averaged
over the depth of the droplet is 14 ± 2wt%, slightly larger than the 10 wt
% of the prepared MD12 solution, partly explained by the first OCT scan
being taken about 10s after dispensing the droplet. Another explanation
is the lower accuracy for the concentration measurement at lower con
centrations, as the η(c) curve remains comparatively flat for low con
centrations (<30 wt%) and strongly increases for higher concentrations
(Both et al., 2019). Hence, a relatively small measurement error would
have a greater effect on the resulting concentration at lower concen
trations. At t = 60 s, which is when the droplet in the 2D OCT scan
transitioned to the second drying regime, the bulk concentration was 15
± 2 wt%, while the concentration near the air-liquid interface increased
to 23 ± 3 wt%. From then onward, the concentration near the interface
further increased to the maximum measurable concentration of 46 wt%.
Around the transition to the third drying regime, the bulk concentration
had also noticeably increased to values over >30wt%. Based on this it is
unclear whether the transition to the third drying regime is due to
reaching a critical surface concentration (≈ 46 wt%), or, because the
bulk concentration became elevated.
It is worthwhile to compare the measured c(z, t) map to typical re
sults from numerical approaches that determine the spatio-temporal
concentration of solute in an evaporating droplet. Numerical ap
proaches commonly show an exponential shape of the radial solute
concentration, where the surface layer has a highly elevated concen
tration compared to the center of the droplet. This exponential shape is
maintained until the surface layer reaches a critical condition, which is,
typically, when the surface layer solidifies (Porowska et al., 2016). The
measured c(z, t) map also shows a sharp increase of concentration from
the bulk to the interface, but from about 100 s onward, the concentra
tion appears to plateau at concentrations between 40 wt% and 46 wt%.
However, the viscosity at c ≈46 wt% is only η ≈0.1 Pa s, while viscosity
measurements have shown that MD12 remains liquid-like up to con
centrations of ≈ 70 wt% (Both et al., 2019). Hence, we expect the
concentration to exceed the highest measurable value of 46 wt%. While
further experimental research is needed to resolve the higher concen
trations at the interface, we do demonstrate that OCT can quantitatively
measure the concentration of solutes dynamically in time inside a drying
droplet.
The use of OCT for other materials, especially those with increased
complexity such as milk powders, is of interest. In this work, we used a
binary system (maltodextrin in water) for which the relation between
the viscosity and maltodextrin concentration is known, making it
possible to determine the spatio-temporal maltodextrin concentration
from the spatio-temporal viscosity. This is also possible for multicomponent systems for which a combination of concentrations of the
various components uniquely relates to the viscosity of the mixture. Care
should be taken when dealing with multi-component mixtures in which
components unmix during evaporation (Both et al., 2018). While it may
be difficult to determine the individual spatio-temporal concentrations
in such systems, the spatio-temporal viscosity can be measured and used
for optimization or validation purposes.

demonstrated that spatio-temporal maltodextrin concentration maps
can be obtained over the center-line of a sessile droplet, providing an
advantage over conventional single droplet drying methods. We think
that the ability to measure the dynamic redistribution of solutes and
linking it to the development of the morphology of dried particles is
instrumental for the rational design of powders with specific properties
and for the optimization of process equipment such as spray dryers.
Additionally, we think that the ability to measure the spatio-temporal
concentrations is important for the validation of numerical models
that aim to predict the morphology or drying droplets and their
agglomeration behavior from the development of spatio-temporal con
centrations during drying. While the here presented experimental
method focuses on sessile droplets that are larger than droplets typically
encountered in spray dryers, we think that mechanistic insights obtained
from a quantitative comparison between experiments and numerical
models at the scale of sessile droplets guides our mechanistic under
standing of drying of smaller droplets relevant for spray drying
processes.
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