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Abstract: The rise of artificial intelligence (AI)-based image analysis has led to novel application
possibilities in the field of solvent analytics. Using convolutional neural networks (CNNs), better and
more automated analysis of optically visible phenomena becomes feasible, broadening the spectrum
of non-invasive measurements. These so-called smart sensors have attracted increasing attention in
pharmaceutical and chemical process engineering; their additional sensor data enables more precise
process control as additional process parameters can be monitored. This contribution presents an
approach to analyzing single rising droplets to determine their physical properties; for example,
geometrical parameters such as diameter, projection area and volume. Additionally, the rising velocity
is determined, as well as the density and interfacial tension of the rising liquid droplet, determined
from the force balance. Thus, a method was developed for analyzing liquid-liquid properties suitable
for real-time applications. Here, the size range of the investigated droplet diameters lies between
0.68 mm and 7 mm with an accuracy for Al detecting droplets of +4 um. The obtained densities lie
between 0.822 kg-m 3 for rising n-butanol droplets and 0.894 kg-m 2 for toluene droplets. For the
derived parameters, such as the interfacial tension estimation, all of the data points lie in a range
from 12.75 mN-m~! to 15.25 mN-m~!. The trueness of the investigated system thus is in a range
from —1 to +0.4 mN-m~!, with a precision of +-0.3 to +0.6 mN-m~!. For density estimation using
our system, a standard deviation of 1.4 kg m~2 from the literature was determined. Using camera
images in conjunction with image analysis improved by artificial intelligence algorithms, combined
with using empirical mathematical formulas, this article contributes to the development of easily
accessible, cheap sensors.

Keywords: convolutional neural networks; image processing; visual sensors; tensiometer; densitometer;
density estimation; interfacial tension; multiphase flow; single rising droplets

1. Introduction

Online process supervision enabled by a digital camera is a cheap and simple method
to rapidly gain more insight into the process parameters of various chemical substances
in liquid form and can be seen as a smart sensor [1]. Applying an Al-based evaluation, a
smart camera sensor is built to work continuously and evaluate the data automatically. Par-
ticularly, multiphase transport processes can benefit from modern sensor technology [2,3].
Together with the growing interest in continuous processes, the miniaturization and modu-
larization of smart sensors are on the rise. [4,5] Many tools and methods in the framework
of Industry 4.0 form a new industrial revolution, in which attempts are made to further
automate processes [6]. Among other applications, numerical algorithms are assisting
automation processes which are summarized under the term Al, with a subcategory of
deep learning (DL). For image classification, an artificial neural network (ANN) can be
used to recognize features of object classes and learn to distinguish them from others, and
ideally, then apply these features to unseen data [7]. Among other fields, DL has been
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applied in medical technology in the image recognition of cancer cells and the vehicle
design of self-driving cars [3,8].

The chemical industry has shown interest in the progress made in data-driven com-
putational methods and the potential benefits that machine learning (ML) and artificial
intelligence could bring. ML is a process that utilizes historical data to generate algorithms
for performing various tasks, and it has gained popularity in the process industry due to
the increase in available data and computational power. Al applications in the chemical
industry are diverse, ranging from active learning for recognizing steps in chemical batch
production [6] to computer vision for process monitoring. Image processing is also being
used for tasks such as object localization and segmentation, with applications in measur-
ing abrasion [9], reading analog gauges and identifying thermal anomalies using Boston
Dynamics’ dog-like robot inspection method in industrial facilities [8]. Additionally, deep
learning is being used for defect detection in quality control, which leads to improved
performance and cost reduction through process automation [6,10,11]. Further examples
are the combination of ANN methods with capacitive sensors to investigate two-phase
homogenous fluids [12] or the use of CNNs in fermentation systems [13].

Some process variables cannot be measured online directly without the help of sensors.
Nevertheless, in some cases especially, these variables are needed to ensure safety and
product quality. Computational sensors called soft sensors can infer respective values,
use knowledge or measurements to predict quality variables and can provide appropriate
remedies [6,7]. This work presents an approach to measure the densities, interfacial tensions
and additional geometrical data of rising droplets using Al-based image segmentation.
Geometrical data refers to the area, diameter, volume and aspect ratio of an uprising droplet.
This method enables a cheap and fast online measurement of these parameters for process
control and research applications.

In this work, single droplets are generated, rising in a continuous liquid. The rising
droplet is observed by a digital camera, and the images are analyzed by an Al algorithm
to determine their geometric properties. Moreover, by iteratively solving a force balance,
different physical properties such as density and interfacial tension can be calculated. The
sensor presented in this work can be applied to different setups due to its non-invasive and
optical characteristics. The model was developed in the scope of the KEEN project that
investigates the application possibilities of Artificial Intelligence methods in the process
industry (http:/ /keen-plattform.de/keen/en/ (accessed on 31 March 2023)). Within the
project scope, it can be coupled to investigate the composition of a raffinate stream leaving
an extraction column. The contribution is structured as follows: After the abstract and
introduction of the topic, the utilized materials and methods are presented in Section 2.
Here, the experimental setup with the used chemicals is presented first, followed by data
analysis, where an image analysis using artificial intelligence and its metrics is presented.
In the results section, the Al algorithm is evaluated in terms of its accuracy in detecting
droplets. This is followed by the evaluation of the rising velocity experimentally compared
to mathematical equations such as flow resistance and drag coefficient evaluation. Finally,
the obtained density and interfacial tension are described. The results are followed by a
“conclusion and further work” section.

2. Materials and Methods

This section describes the materials used, such as chemicals, and the experimental
setup for the main evaluation in Section 2.1, followed by the related data evaluation in
Section 2.2.

2.1. Experimental Setup

Rising droplet experiments are carried out in an extraction cell (Vi = 17 mL) made
of glass which is surrounded by a glass chamber. The inner diameter of the cell is 15 mm.
The glass chamber and the heating jacket of the extraction cell were filled with water to
reduce optical effects in the videos and images. In total, three glass nozzles with different
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and initially unknown inner diameters (at the top) were used (determination of the inner
diameters made using micro-computed tomography—see Data Availability Statement).
Images of the experimental setup and a sketch of the setup are shown in Figure 1.
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Figure 1. Experimental setup including extraction cell, camera, LED panel and pump.

The three investigated nozzles are 80 mm in length, and on the bottom side, they have
an outer diameter of 6 mm and an inner diameter of 1.2 mm. The nozzle is inserted at the
bottom of the extraction cell and adjusted by a 3D printed polymer grid to ensure exact
orientation in the tube and uniform wall effects on the droplets. The nozzle is connected
with the pump by a tube which is inserted directly into the bottom of the nozzle. The dual
piston pump Dynamax SD-1 by Rainin (today: Agilent Technologies) feeds the dispersed
phase from the storage tank through the nozzle into the extraction cell.

To complete the experimental setup, an LED panel is placed behind the extraction cell
to ensure sufficient illumination. The panel is combined with a screen of frosted glass and
two layers of white photographic paper to enhance light scattering. The camera is placed
in front of the cell at a distance of approx. 5 cm. Its frame rate is set to 24 s~! while the
image resolution is set to 1920 x 1080 pixels for video recording.

The Morton number is a dimensionless number used together with the E6tvos number
or Bond number to characterize the shape of bubbles or drops moving in a surrounding
fluid or continuous phase.

8 77? (Pc - Pdisp)
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peo’

@

The Morton number, Mo, is a measure for the ratio of viscous forces to surface forces
and depends only on liquid parameters and gravity. As long as these liquid parameters
do not vary due to variables such as temperature variations, the Morton number is a
constant [14].

The pure chemical substances used, their interfacial tension and their Mo number are
displayed in Table 1.

The interfacial tension refers to mechanical stresses and thus forces that occur at
the boundary between two different phases that are in contact with each other. The
investigation of dual systems of different chemical compositions is therefore interesting.
Moreover, we expect the uprising droplets of a mixture of toluene/n-butyl acetate of
unknown composition to lie somewhere in the middle of the values of the pure components.
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Table 1. Surface tension and Mo number of typical liquid-liquid systems at 20 °C.

System o [mN/m] Mo [-]
toluene—DI water 35 3.10 x 10~ 1
n-butyl acetate—DI water 14 431 x 10710
n-butanol—DI water 1.63 345 x 1077

2.2. Droplet Segmentation Using CNNs

A convolutional neural network is a subcategory of artificial neural networks. CNNs
are created to process data with a grid-like topology, such as time series data or images [4].
In general, neural networks are built of numerous computational units called perceptrons.
A simple representation of one perceptron is shown in Figure 2.

Inputs Weights Transfer Activation Activation
Function Function

Threshold

Figure 2. Basic functionality of an artificial neuron.

A perceptron takes multiple inputs x; and produces one output. Within the transfer
function z, the inputs x; and weights wy, are combined with another parameter representing
the threshold or bias b [5].

z=Y (wg-x¢)+b )
k

Depending on the value of the threshold b, the perceptron either outputs 1 or 0. If the
threshold is extremely small, it is easy for the perceptron to produce 1 as an output. This is
the simplest form of such computational units (depicted in Figure 2).

An artificial neural network is composed of multiple layers in which the neurons are
arranged. Overall, a neural network consists of an input layer, an output layer and at
least one hidden layer in between. From the output of the last layer in the neural network,
an error is calculated, which describes the difference between the output value and the
true value. The error is described by the so-called cost function. During the training, the
weights and biases are changed accordingly so that the resulting error becomes as small as
possible [15]. The workflow to start with the training is depicted in Figure 3.

Recorded videos of the process are cut into frames. These frames are then manually
labeled using Matlab’s Image Labeler tool. This means every pixel in the image is assigned
one of three classes: background (indicated by red color), attached droplet to the nozzle
(indicated by yellow color) or detached droplet (indicated by blue color). This pixelwise
annotation of an image is called image segmentation. The images and their segmentation
masks, consisting of one of three labels for every pixel in the image, are used to train the
convolutional neural network in Matlab. For the training, a dataset of 970 labeled pictures
with a resolution of 224 x 224 pixels are used. Since the pre-trained CNN must be suitable
for segmentation tasks, a ResNet-50 is used. Data augmentation is also applied to artificially
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enlarge the training set and thus make the network more robust. The specific augmentation
parameters are depicted in Table 2.

)
MATLAB
B

(mmn

Figure 3. Recorded videos of the rising droplets are cut into frames. These frames are then manually

labeled using Matlab’s Image Labeler tool. This means every pixel is assigned one of three classes:
background (red color), attached droplet to the nozzle (yellow) or detached droplet (blue).

Table 2. Data augmentation settings during CNN training.

Data Augmentation Value
Random X reflection true
Random Y reflection true
Random rotation [°] [—20, 20]
Symmetric scaling [-] [0.1, 2]
Translation X [px] [—120, 120]
Translation Y [px] [—120, 120]

The reflection of the pictures on the X-axis, as well as the Y-axis, is performed. More-
over, a random rotation of —20° to +20° and symmetric scaling are applied to the pictures
during training. The ResNet-50 is training for 31 epochs with a mini batch size of 4 using
Matlab 2020b on a Nvidia GeForce GTX 1660 Ti Max-Q graphics card. Training takes
90 s/epoch on the GPU, resulting in 46.5 min total training time. The computational time
per image for classification is 0.37 s.

3. Results

This section first deals with the accuracy of the image processing method using the
CNN. It is then followed by the estimation of the rising velocity, the drag coefficient, the
density of the uprising droplet and the interfacial tension. The respective pseudocode can
also be found in the appendix (see Appendix A.1).

3.1. Accuracy of CNN for Droplet Projection Area

The metrics applied to determine the measurement error of the Al algorithm are as
follows. They are measured using the validation data set consisting of eight images. TP
stands for true positive, where positive cases are identified as positive; true negatives as
TN, where negative cases are identified as negative; false positives as FP, where negative
cases are identified as positive and false negatives as FN, where positive cases are identified
as negative. For example, when a pixel assigned to the class “background” is detected as
“detached droplet”, this would be a false negative.

TP
Recall = m (3)

. 2-TP
Dice = S TP PP L N @
Accuracy = TP+ 1IN 5)

TP + FP + FN + TN
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recision = P (6)
p ~ TP + FP
2-Acc-Rec
o 7
Fl Acc + Rec @

The trained network reaches a mean segmentation accuracy (Recall) of 99.5% on the
validation data and 99.63% on the training data, see Table 3. This translates to 477 wrongly
labeled pixels out of 50,176 pixels in total (224 x 224 pixel image) on a single validation
image. Additionally, the accuracy of 99.3% and precision score of 99.8% indicate a low
failure rate for the neural network. As the Dice coefficient of 97.7% and the F1 contour of
97.8% matching score are the lowest scores, this already indicates that the biggest deviations
of the network can be found on the contour lines of the different detected objects. This is
an indicator of the very good generalization ability of the trained ResNet50 as the main
areas of the different objects are detected highly accurately. A more graphic conception of
this result is a line with a thickness of 1 pixel around the boundary of the originally labeled
droplet, as depicted in Figure 4.

Table 3. Segmentation performance indicators of the CNN training.

Indicator ResNet50
Recall 0.995
Dice 0.977
Accuracy 0.993
F1 0.978
Precision 0.998

Figure 4. Representation of incorrectly identified pixels by the ResNet50 by an overlay of the correct
(blue) and wrong (red) detected pixels over the original image.

From the visual analysis of the images, the prediction, based on the segmentation
parameters, that the deviations mainly occur at the contour lines of the droplets can be
confirmed. Moreover, a big portion of misdetections occurs on sticking droplets; therefore,
the result for the detached droplets is even better than expected. This is very beneficial
for the post-processing routine as it relies mainly on the accurate segmentation of the
detached droplets.

In summary, it can be stated that the performance of the ResNet50 is already at a very
high level. The overall performance is good (£2 px), with the Al-assisted segmentation
typically being a little too large (£2 px).

3.2. Rising Velocities

The rising velocity vp,m can be measured from the images of the video with a rising
droplet, as depicted in Figure 5.

Azyp + AZl _
Upav = M -ML - (A”frames 'FPS) ! (8)
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Figure 5. Illustration of the velocity determination method with a static reference frame on a rising
toluene droplet in water.

The velocities are calculated based on the pixel differences (Azyp and Az, ) between
image frames, the frame rates (FPS), the measure of length ML and the difference in between
the frames Ang,mes. The measurements from the top and bottom are averaged to reduce the
influence of droplet deformations in between the frames. In combination with the already
known inner nozzle diameter, a measure of length ML for the single pixel in the image can
be derived.

The measured values are compared to the calculated ones. The solution of the equation
of motion with and without taking into consideration the wall effects is used for comparison.

doy _ dp 3 e %

_ 1 . — — - Cq -
dt Pdisp 8 4 d Pdisp dp

©)

This is derived from an equilibrium of forces for a rising droplet: the buoyancy force
Fy (11), the inertia force F; , (12) and the drag force Fq (13)

Y F,=0=FK —F4—F, (10
7T
Fo= 2 (pe—paisp) -8 3 (11)
Fy—cq-2<.02.4 (12)
d d 2 P ortho

From the force balance, an expression for the difference in density Ap can be derived
(13) where V7, is the volume of the droplet. For the determination, it is assumed that the
droplet is rotationally symmetric, and the projection area of the droplet is equal to the
orthogonal area. The volume integral is calculated by a rotation around the x-axis. To
determine the volume, a volume integral is used. Therefore, an equation for the contour
line of the droplet needs to be determined. This task is solved by an algorithm that uses
the labels of the segmentation. It searches for droplets with the assigned label “detached
droplet” and determines which labels can be seen in the 4-neighborhood of the analyzed
pixel. If one pixel with the label “background” and one pixel with the label “detached
droplet” is found in the 4-pixel-neighborhood it is assigned as a pixel of the contour line of
the droplet. The positions of the pixels that form the contour line are stored, and afterward,
a function consisting of lots of third-order polynomials is fitted through these points. The
exact count of subsections depends on the size of the droplet.

. Fi,r + F4

A
0 g Vp

(13)

Ap = pe — Pdisp (14)
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As the density of the dispersed phase influences both sides, this equation has to be
solved iteratively. The second equation for the difference in density (14) ensures continuity
and is used to set up a system of equations which is solved by Newton’s method for
multidimensional systems (15). Here k is the iteration step and J is the Jacobian matrix.
The function f is a differentiable function with f: R?> — R? [16]. The problem is set up to
find the zeros of the function f by varying the difference in density and the density of the
dispersed phase [17].

( APiy1 ) — ( Aok > - (](Apkrpdisp,k>>_l 'f(Apk/Pdisp,k) 15)

Odisp,k+1 Pdisp k
(0.5'Cd'PC'U%'Aortho+Pdisp,k'VP'uP) _ APk
f (Apk, pdisp,k) = G (16)
Pc — Pdisp,k — Apg

Additionally, it should be mentioned that the resulting Jacobian matrix for the rising
droplet only contains scalar values (17). Therefore, it is not necessary to update the Jacobian
matrix in every iteration step; this reduces the complexity and, as a result, the computation

time [17].
-1 %
J (Apkfpdisp,k) = (1 g1> (17)

To ensure the convergence of the procedure, the initial values are chosen, as shown in
Table 4. The selection includes that (14) is initially fulfilled, the values are non-negative
and that the density of the dispersed phase is smaller than the density of the continuous
phase. Moreover, it is considered that the dispersed phase in this work is also a liquid.
Accordingly, the densities should be in a similar range.

Table 4. Initial values for Newton’s method.

Parameter Initial Value
Ap 0.25-p¢
Pdisp 0.75 "Pe

For the density calculation with an iterative Newton method, initial values have to
be chosen beforehand. For the density difference, a value of 0.25 times the density of the
continuous phase is used. The calculation of the dispersed phase density is derived by
the Newton method with an initial value of 0.75: the density of the continuous phase.
The abort criterion is provided by an error estimate for the difference in density based on
two sequential iteration steps (see (18)). As Newton’s method converges fast for reasonable
initial conditions, due to local quadratic convergence, the abortion criterion is set to a
relatively low value. The chosen criterion ensures that the error contributed by the iteration
is minimal [17] and it does not have a noticeable influence on the overall accuracy of the post-
processing procedure as this mainly depends on the accuracy of the measured parameters.

| Aprs1 — Apy |< 1078 (18)

Furthermore, the equation of motion for a droplet can be derived from the force
balance (10). Together with Equation (19), it leads to an ordinary differential equation for
the droplet’s velocity, as shown in Formula (20).

do
ap = (19)
do Ap 3 Pc g
dop ~2 ey i (20)
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Additionally, an expansion of the force balance by a virtual mass term is possible
for small droplets and low Reynolds numbers [18]. The virtual mass force F; is shown in
Equation (21) and takes the acceleration of the surrounding fluid by the moving droplet
into account [19].

0 d
R::f-n,aﬂu—vg (21)

In this work, the velocity of the surrounding fluid u is in good approximation equal to
zero, which simplifies the equation. Moreover, it can be useful to add an acceleration factor
o [19] that can be used to increase the quality of the modeled velocity curves for a specific
system. The implemented equation for the virtual mass force can be seen in (22).

_ g Py dop
FV_ u 2 Vp dt (22)

The resulting differential equation for the droplet’s rising velocity is shown in (23).

dop _ B 3 pe %

_ g— ey %
dt (pdisp +a-0.5- pc) 4 (Pdisp +a-05- Pc) dp

(23)

The influence of the virtual mass force and the acceleration factor on the velocity curve
of a spherical droplet in a tube is illustrated in Figure 6. The curves are the solutions of
Equation (23) for a droplet diameter of 4.4 mm and the system n-butyl acetate (dispersed
phase)/water (continuous phase) at 20 °C. The drag coefficient cp was modeled by a
correlation that takes the Reynolds number, the droplet shape and wall effects into account
(see Equation (20)).

0.08
0.07
0.06
—alpha=0
—alpha=0.5
005 o
Ky —alpha=1
E —alpha=1.5
20.04
S —alpha=2
< Ipha=2.5
) —alpha=2.
Z 0.03
0.02
0.01
0 I 1 1
0.2 0.3 0.4 0.5 0.6

t[s]

Figure 6. Velocity curves of a spherical rising droplet with a diameter of 4.4 mm for different values of
the acceleration factor « in a tube with a diameter of 15 mm and for the system n-butyl acetate-water.

It can be seen that there is no influence of the virtual mass force and the acceleration
factor on the terminal velocity, but the time until it is reached elongates because of a slower
acceleration. The curve with « = 0 represents the case without the virtual mass force (20)
and reaches the terminal velocity first. The data for Figure 6 can be found in the Data
Availability Statement.

The following diagram in Figure 7 includes two correlations for comparison. The
first upper boundary (indicated in red) depicts the solution of the equation of motion
without the consideration of wall effects. The lower black boundary depicts the correlation
including wall effects. However, this correlation was not set up for droplets originally.
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O BuAc-measured
O BuAc-v0-calculated

——Poly. (theoretical
velocity eq. 23)

0 & >

0 0.04 0.08 0.12 0.16 0.2
ts]

Figure 7. Velocity of measured () and calculated (O) drops. A correlation of the solution of the

—Poly. (theoretical
velocity eq. 20)

equation of motion without the consideration of wall effect (red line, Equation (20)) and the correlation
of Baumler et al. [13] including wall effects for comparison (lower black boundary, Equation (23)).

By comparing the calculated data (O) with the two correlations (red and black lines),
it becomes apparent that the calculated data points fit the correlation better without wall
effects. However, by comparing the actual measured data with the solution of the equation
of motion without the consideration of wall effects (black line), it becomes apparent that the
data points fit the correlation including wall effects much better even if it is not for droplets
but for spheres. Therefore, the use of this drag coefficient correlation (Equation (23))
seems reasonable.

It can be noted that the rising velocity linearly increases over time from 0 m s~ ! in the
beginning to 0.07 m s~ ! after 0.22 s and follows a logarithmic course. Overall, the curve
has a lightly periodic shape because the droplets perform an upward motion.

Moreover, a slight jump in the curve occurs between 0.02 and 0.04 s. That is precisely
the moment when the droplet detaches. This leads to a sudden stop of detachment force on
the cannula and thus an acceleration occurs followed by a velocity decrease as the droplet
stabilizes its form.

3.3. Flow Resistance & Drag Coefficient

The flow resistance of a particle is mainly dependent on the combination of two
components, the pressure resistance and the friction resistance [1]. The pressure resistance
results from the pressure difference between the stagnation point on the front of the droplet
and the backside (see Section 2.2). The resulting pressure force F, (30) only depends on the
pressure difference Ap and the orthogonal area A [18]. Accordingly, small orthogonal
areas are beneficial to decrease pressure resistance.

FP = Ap - Aortho (24)

The second component of the overall flow resistance is friction, which results from the
shearing of the fluid molecules of the surrounding fluid on the surface of the particle. The
friction force F; (31) depends on the shear stress at the surface 75 and the surface in contact S. [18]

Ff =57 (25)

The overall resistance force (drag) F4 results from the combination of these two com-
ponents (32). A dimensionless form of this Equation (34) can be derived if it is divided by
the dynamic pressure pgyn (33) and the orthogonal area Aqyno [18]-

Fy = Pp + F (26)
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Pdyn = 2 P U}% (27)
F F, F
d = > + f (28)

1 1
7P v}% : Aortho 7P 0123 . Aortho 7P v% : Aortho

The dimensionless forces can be grasped as resistance coefficients (35), where cq is the
overall drag coefficient. The pressure influence is represented by ¢, and the friction by ct.

cq = Cp +¢¢ (29)

Depending on the particle’s shape and the surrounding flow, the influence of both
components on the overall drag coefficient can rise or fall. In the case of droplets, additional
effects such as surface deformation have to be taken into account. [20] Therefore, the
modeling of the flow resistance for a rising droplet is significantly more complex, but
still very important, as the accurate determination of the drag coefficient cq4 plays an
important role. It directly influences the calculation of the dispersed phase’s density. The
surface deformation of the moving droplet complicates the calculation and the correlations
generally fail since a perfect sphere cannot be assumed. [20] Still, there exists a wide
variety of different empirical correlations to calculate the drag coefficients for free rising
or sinking particles, especially for spheres. Overviews are given by Barati et al. [21] and
Kelbaliyev [22]. The correlations often depend on the Reynolds number Re and have a
validity range that also depends on the Reynolds number.

Three different correlations for the drag coefficient of a solid sphere (24), a solid
ellipsoid (prolate) (37) and a free rising droplet (no wall effects included) (24) depending
on the Reynolds number are shown below [22]. Equation (26) was derived by fitting an
exponential function on the data from Chang et al. (1992) [23].

24-(140.27-Re )43
Cd,sphere = % + 047 - (1 —exp <_()‘04 . Re0~38)) 0)
Re < 2-10°
C — 47528
d,prolate — Re0517 (31)
100 < Re < 3000
Cd,droplet = % : (1 — %) 4+1.17-1078 . Re2015 )

80 < Re < 1530

A comparison of these three correlations in the range of 80 < Re < 1530 is shown in
Figure Al. It can be seen that the curves of the solid sphere and solid prolate have a very
similar course even if the absolute values of the drag coefficient cq are smaller for the
prolate. Both start with high values for the drag coefficient at lower Reynolds numbers and
end with low values at higher Reynolds numbers. This follows from the flow separation.
For increasing Re, the separation point of the flow moves from the backside closer to the
front and therefore reduces the friction resistance. The difference in the absolute values
of the drag coefficient for the prolate and the sphere results mainly from the smaller
cross-sectional area in the direction of the flow in the case of the prolate (smaller pressure
resistance, see Figure 8) [24]. The drag coefficients of droplets are even lower than the ones
for prolate shapes at a low Re because of the flexible surface [5]. For increasing Re, the drag
coefficient rises again. This follows from the deformation of the droplet, which results in
an oblate or a cap for a high Re (see Figure 8). Accordingly, the flow resistance rises again
as the cross-sectional area is bigger (pressure resistance rises) [24].
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Sphere Oblate Prolate

—

| mm .

Figure 8. Shapes of droplets: spherical (left), oblate form (center) and prolate (right). In the oblate
shape, the diameter is larger than the height. In the prolate shape, the height is larger than the diameter.

The aspect ratio is calculated by dividing the width of the droplet by the height of
the droplet, and thus the projected area of the rising droplet is described. On the other
hand, the wall factor describes the influence of the tube wall concerning the flow around
the droplet [25].

The drag coefficient is one of the most important parameters since it influences the
force balance directly and therefore impacts the calculation of the droplet’s density. To
illustrate the influence of the drag coefficient, the shape factor is used, which is based on
the aspect ratio shown in Equation (33).

IP(E) _ Ci,needed (33)
d,wall
dheight

The resulting shape factors are plotted against the aspect ratios e (Equation (34) droplet
width divided by its height) shown in Figure 9. All investigated liquid systems and nozzles
are covered in the graph.

2.5 Oall substances-medium nozzle-1080p
A
20 AN O calc.-BuAc-correlation
A Atoluene-medium nozzle-720p
1.5
>
1.0
0.5
0.0 >
0.6 0.8 1 1.2 1.4 1.6 1.8

e [-]

Figure 9. Plot of the determined shape factors against the aspect ratios of the droplets for different
liquid systems and optical resolutions.
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The black data points represent the medium nozzle; the resolution of 1080 p is repre-
sented by circles and 720 p by triangles. Moreover, the black circles represent a compressed
version of all three liquid-liquid systems.

The black triangles are separate from the rest of the data points. This is not surprising,
since at lower resolutions the measurement is more susceptible to minor changes and the
weighting of a single pixel is higher. For all other measurements there is a trend that with
higher aspect ratios, the shape factor decreases exponentially.

The red x markers are values generated by a correlation which only uses n-butyl
acetate measurements and is shown in Equation (35) [24].

e =1.4986-¢7277*, R?2 =0.9467 (35)
P(e)puac

On the other hand, the black dotted line is also coming from a correlation that only
uses measurements with a resolution of 1080 p. The correlation is shown in Equation (36).

() 1050p = 14257 - exp(—2.231-¢), R* = 0.9404 (36)

It is remarkable that those two graphs are similar; it can be inferred that a transfer to
other fluid systems is applicable [25].

3.4. Density

The results for the calculation of the density of the dispersed phase of an n-butyl
acetate—water system is shown in Figure 10.
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b a

o [ke/m’]
(<]
-
N
o

3

b .3 o
% 5 O 3rd image

e ({, %’ % A 4th image
865.0 %

01 2 3 4 5 6 7 8 9 1011 1213
no. []

&

)

Figure 10. Results of the density measurement for n-butyl acetate droplets based on the third
and fourth images after the reference frame. The horizontal line marks the reference value from
the literature [26].

The densities of the third and fourth frames after the reference frame are used to
evaluate the densities. The reference frame is the first image which is detected by the search
algorithm as a detached droplet. Since droplet formation takes time, the first frame after
the reference frame and later frames should be avoided for evaluation because the potential
to cause vast deviations is higher.

In the graphic, the red line illustrates the density value from the literature. Most of the
points lie in a scope of £5% around the literature value, where the maximum deviation
lies in a range from —1.6% to 0.5%. Moreover, the graphic of the results shows that for
the fourth image, the fluctuation around the literature value is much less than for the
third image.
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The mean, standard deviation and fluctuation margin are shown in Table 5.

Table 5. Mean value, standard deviation, and fluctuation margin of the density determinations on
the system n-butyl acetate-water. The results are based on the third and fourth frames after the
reference frame.

Parameter Third Frame Fourth Frame Condensed
x [kg'm?] 875.7 876.7 876.2
s [kg-m3] 5.7 14 4.1
sz [kg:m?] 1.6 0.4 0.9

The results of the standard deviation prove that the densities captured in the third
image after the reference frame scatter stronger than the fourth one. In comparison, online
applications such as oscillating /vibration forks for density estimation have uncertainties
in a range from +0.1 kg m 2 to 0.5 kg m 3 [27]. Since the density measurement working
with the fourth picture indicates a standard deviation of 1.4 kg m~3, a good starting point
for a cheap and quick measurement approach is created. Problems in measurements can be
caused by air bubbles.

3.5. Interfacial Tension

The interfacial tension is an effect which takes place at the interface of two immiscible
liquids, in the specific case of this work, liquid-liquid systems [28]. It is a result of the
attractive and repulsive forces of the two phases.

In general, the interfacial tension can be described as force F per length of the boundary
I, or ratio of energy increase AE to surface increase AS.

F AE

T=7=12g (37)
In this work, the main focus will be on the formation of static bubbles, or the region
for Weber numbers below 2, as it is the basis for the development of the post-processing
algorithm and the calculation of the interfacial tension in the investigated liquid-liquid
systems. For the physical modeling of static droplet formation, a quasi-stationary force
balance (38) between the buoyancy force Fy, (39), the viscous force Fy, (40), the inertia force

F; (41) and the surface force F (42) is applicable. [20,29]

Y FE=0=FK —F—F —F (38)

Figure 11 shows a schematic representation of the droplet formation at the nozzle and
the acting forces. The size of the red arrows indicates the influence of the different forces
on quasi-stationary droplet formation at low-volume flows.

Fy
dp

E, F. F

V2 T /]

dn

Figure 11. Equilibrium of forces for static droplet formation at the nozzle. Force balance taken from [29].

The forces depend on various liquid parameters such as the interfacial tension, the
viscosity 7. and density p. of the continuous phase and the density of the dispersed phase
Pdisp- Moreover, geometric parameters such as the diameters of the nozzle dn and particles

dp are relevant. Finally, the volume flow in the nozzle V and gravity g are influential. Since
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the diameter of the particle is a third-order term, it exhibits the highest influence on the
overall force balance.

_n 3
k= (Pc - Pdisp) "8 dp (39)
1rn:15-;7c-K (40)
dp
V 2
FE=13p- () (41)
dP
Fo=m-dn-0 42)

This equation will be used to calculate the interfacial tension in the post-processing rou-
tine. Based on the force balance, an expression for the interfacial tension can be derived (43).

_h-F-FK

o
7T - dn

(43)

In Figure 12, the third and fourth image after the reference image is used. The thick
horizontal line indicates the literature value for the interfacial tension. The measurements
of the third image overestimate and the measurements of the fourth image underestimate
the marked literature value for the interfacial tension. All of the data points lie in a range
from 12.75 mN m~! to 15.25 mN m~!. The trueness of the investigated system thus is in a
range from —1 to +0.4 mN m~! with a precision of 0.3 to 0.6 mN m~.
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Figure 12. Results of the determination of the interfacial tension of n-butyl acetate droplets in water
by using the third and fourth frames after the first frame of the droplet’s detachment. The thick
horizontal line is taken as reference from literature [26].

4. Conclusions and Future Work

Fluid properties are laborious to determine, in particular for liquid mixtures with
different compositions. In this work, a quick and simple Al-based approach for the online
measurement of liquid parameters was developed. The target figures were the density
and interfacial tension of rising droplets. For this, a neural network was successfully
trained to recognize and segment droplets of three liquid systems; it was highly accurate,
as the network reached scores of over 97.7% for all relevant segmentation parameters.
By comparing the training settings and training results with networks presented in the
literature, a basic guideline for segmenting droplets with the assistance of an Al algorithm
has been derived.
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Based on all this, a complex post-processing routine was developed that generates a
big variety of geometric and physical data pertaining to the investigated droplets. Hence,
this routine can also be used to investigate rising droplets as a research tool and is able to
calculate even more parameters as dimensionless numbers based on the measured data.
Accuracy describes the proximity of a measurement or prediction to the true value, while
precision refers to the degree of scatter or variability in a set of measurements or predictions.
The accuracy of the method for the determination of densities is approx. -1 kg m~3 with
a precision of approx. £11 kg m~3. The accuracy of the determination of the interfacial
tension is approx. £1.25 mN m ! and the precision is approx. 0.6 mN m~ L. Therefore,
precision is the main target for further enhancement.

A major limitation is that the uprising fluid needs to have a lighter density than water.
An envisaged future improvement is a rotated setup with the heavier liquid fed from the
top to broaden the applicability spectrum of this method in the near future. Fluid mixtures
are the major aim to investigate with an automated setup, where temperature and mixture
concentration can be varied in a wide range. Rising gas bubbles will be tested in different
liquid environments as well. With the inverted setup, falling droplets can be automatically
investigated concerning properties such as density, surface tension and viscosity. This will
lead to the rapid automated generation of large data sets for interesting liquid mixtures in
research and development.
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Abbreviations

Latin Symbols

A cross-sectional area -

b threshold -

cq drag coefficient -

dp droplet diameter m
E energy Nm
F force N

g gravitation acceleration m s 2
] Jacobian matrix -

S surface m 2
t time S
Vint internal volume mL
v velocity -

w weight function of a neural network -

X input into a neural network -
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z transfer function -

Greek Symbols

o factor -

7 dynamic viscosity kgm2s73
Y correlation function -

Y density kg m~3

o surface tension Nm!

T shear stress Nm~2

Dimensionless Numbers

Mo Morton number -

Re Reynolds number -

We Weber number -

Appendix A

Appendix A.1

a. Load trained neural network, set image resolution and cannula size and calibrate
length per pixel

b.  Set filter for minimal pixel for droplet detection

c¢.  Read and then disassemble video

d. Perform image segmentation using trained CNN

a. Detect first image frame with a pixel with the label “detached droplet.” Save the
following three images and the image before this frame
b. Determination of area and diameter

i.  Filter out areas smaller than set filter area, overwrite falsely detected pixel
labels with their most likely neighborhood values

c¢.  Determination of volume from area splines

i.  If one pixel with the label neighborhood is assigned as a pixel of the contour
line of the droplet

ii. The positions of the pixels that form the contour line are stored and a
function (lots of third-order polynomial “splines” are fitted to smaller sub-
sections of the contour, exact count of subsections depends on size of the
droplet) is fitted through these points.

Calculation of aspect ratio
a. Aspect ratio = diameter width/diameter height of selected images

Determination of velocity based on the pixels uprising from image to image and the
image’s time difference
Show & save segmentation result

Table Al. Parameters for the velocity curves shown in Section 3.2.

Parameter Value Unit
Pc 997 kgm™3
Odisp 877.2 kgm~3
dp 44 mm
diube 15 mm
vp (t=0) 10~ m-s~!
g 9.81 m-s—2

Cd,wall calculated with (30) -
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Figure A1. Correlations for the dependency of the drag coefficient ¢4 on the Reynolds number Re for
different shapes and particles [22,23].

Table A2. Resulting trueness and precision for the chemical systems. All data can be found in the
link titled “Data availability statement”.

Parameter n-Butyl Acetate n-Butanol Toluene
Trueness —1to+04mNm™! +0.8 mN m™! —12mNm™!
Precision +03to+ 0.6 mN m™? +02 mN m™! 449 mN m™!
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