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ABSTRACT

An accurate measurementifbbl flow has a significant value fanderstandinghe
bubble behavior, heaindenergy transfer pattern in different engineering systems. It also
helps to advance the theoretical model development irptvase flow study. Due to the
interaction between the gas and liquid phase, the flow patterns araaaietpin recorded
image data. The segmentation and reconstruction of overlapping bubbles in these images
is a challenging task.This dissertatiorprovides a complete set of image processing
algorithms for bubbly flow measurementhe developedlgorithmcan deal with bubble
overlapping isses and reconstruct bubble outline2D high speed imagaesdera wide
void fractionrange Key bubbly flow parametersuch as void fraction, interfacial area
concentration, bubble number densityd velocity can becomputedautomaticallyafter
bubblesegmentation The timeaveraged bubbly flow distributisrare generated based on
the extracted parameters for flow characteristic studgDAmagingsystemis developed
for 3D bubble reconstruction. The proposed 3€bnstruction algorithm can restore the
bubble shape in a time sequence for accurate flow visualizatiominimum assumptions.
The 3D reconstruction algorithshows an error of less than 2% in volume measurement
compared to the syringe readirfgnally, a newimage synthesiamework calleubble
Generative Adversarial Networks (BubGAN) is prepd by combining the conventional
image processing algorithm and deep learning technique. This framework anogde p
a generic benchmark to@dr asessig the performance of the existed image processing
algorithms withsignificantquality improvement in synthetic bubbly flamagegeneration.
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GENERAL AUDIENCEABSTRACT

Bubbly flow phenomenomexists ina wide variety of systems, for exampieiclear
reactor,heat exchanger, chemical bubble column and biological systEne accurate
measurement dhe bubble distribution can be helpfalunderstand thieehavios of these
systens. Due tothe complexity of the bubbly flow images, it is not practical to manually
process and label these data for analysis. This disserti@oped a complete suite of
image processing algorithms to process bubbly flow image® pfdposed algorithen
havethe capability of segmenting 2D dense bubble images and reconstructing 3D bubble
shapein coordinate withmultiple camera systems. The bubbly flow patterns and
characteristics are analyzed in this dissertation. Finally, a igemeage processing
benchmark tool called Bubble Generative Adversarial Netw@kbGAN) is proposed
by combining theconventionaimage processing and deep learning techniques together.
The BubGAN framework aims to bridge the dmgiween real bubbly inges and synthetic
images used faalgorithmbenchmarkand algorithm.
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1 Introduction

1.1 Research Background

Bubbly flow measurement is one important but challenging task in studyingtase flows.
Bubbles and surrounding liquid flowan form a fourway coupling systemwhich involves
complex hydrodynamic forces between two sgsmand various bubble interaction mechanisms.
Commonly used engineering models empbyertain averaging algorithm to simplify the
mathematical description of the complex bubbly flow phenoniglhaMeasurement of averaged
guantites including bubble number density, void fraction, interfacial area concentration
distributions are of practical interest to provadgatabaséor the development and benchmarking
of various twephase flow modelsin multiphase computational fluid dyn#&s (CFD), the initial
distribution and boundary conditions from measurement are also necessary to meet the modern
validation experiment requiremengy.

Techniques used for bubbly flow measurement can be largely classified into two groups,
namely, intrusive and neimtrusive methods. Typical intrusive methaazplied in bubbly flow
measurement include fiber optic prdi3¢, conductivity probd4i 7], sampling pobe[8], phase
sensitive constant temperature anemomgdjy and wiremesh sensor$10]. Norintrusive
methods includexay[11,12]or g-ray computed tomograpli¥3,14], laser Doppler anemometry
[15] and image processing technid@éi 19]. The intrusive methods require direct contact of the
instrumentwith the flow during the measuremerithis may causendesireddisturbancen the
flow field. The spatial resolution of intrusive methods is usually not very high since @ prab
wire-mesh sensor can measure one or a limited number of discrete points at a time. Increased
number of measurement points will increase flow disturbance and consequently the uncertainty of
the data. Nosintrusive methods do not require elit contatwith the flow field which keeps the
disturbance t@ minimum With the major development of digital imaging technique in recent
years, image processingombined with high speed camera imaging systeam become a
promisingtechnique fobubbly flow measrement due tits capability in obtaining high spatial
and temporal resolution data.

Dependhg on the available camera number and the complexity of the measured flow
condition, the image processing technique used for bubbly flow measurement can bet dlffere

the early 1 9 7 Gsidgle,high speed camera has been used to measure single bubble terminal
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velocity and to develop the drag force correlaf@di 22]. In these studies, the measured objects
usually are single bubbles with no overlapping issues. The used image processingescmeiq
relativdy simple. The bubble outline can be acqdiog binarizing high speed images. In a later
stage, the image processing techniquese exterded to process bubbly flow images. A wide
variety of information such as bubble size, number dégnand velocitycan be acquired from
bubbly flow images[16,23 26]. Reantly, extensive studies have been carried out on
automatically extracting and analyzimgore complexbubbly flow image with a higher void
fraction[271 30]. In these studies, bubble paraters are mostly extracted from #ikhouette of
thebubbleprojectionin the image. With certain assumptions suchhesbubble is axisymmetric

along the velocity directionthe bubble volume and surface area can be estimated from the
projection outlire as well For low Morton number system like an-amater system, the bubble
volume should be averaged over a sequence of frames to reduce the error caused by bubble rotation
or shape osdation during the measurementThe time and spatiataveragedtwo-phase
parameters can be calculated accordingly once the information of individual bubbles is extracted
from the image.These image processing algorithms to process 2D high speed images recorded
from single high speed camera can be classified as 2D ipnagessing techniques.

The time- and spatiabveraged data can be used to study thewbeh of twophase flow
systems However they may not contain sufficient details for studying individual bubbles. For
example, the bubble aspect ratio is reportdeetan important factawvhich may influencéubble
terminal velocity [31,32] While being important for bubble dynamics, the bubble shape
deformation, rotation and aspect ratian not be recovered directly with 2D image processing
algorithm and the single camera systéfrsingle camera can onletect the bubble rotation along
the camera axis. For the rotation along the axes parallel to the imagetipéesiagle camera
system cannot obtain this information directly. In this case, the bubble aspect ratio estimated from
the singlecamera may havlarge uncertaint}{33]. To overcome the above challenges, several
recent experimental workd6,34 36] have used two orthogonal high speed cameras for single
bubble measurement. With two high speed cameras, the bubble volume and surface area
measurements are expecte®improved ovea singlecamera system as more informatisn
available. Another dimension is also addedthe bubble rotation angle and aspect ratio

measurementFor these multiple camera systgnthe 3D bubble shape will be reconstructed by



combiningthe bubble projection outlines from different cameras together. d\fitbreaccurate
bubble shape, it expected that the bubbly flow measurement accuracy can be further improved.

For 2D image processing algorithms, teehnical challenges are summadzin Fig. 1.1.
Take images wittbacklit illumination setupas an example anideal spherical bubble usually
results in a circular shape witidarkedge and bright center in the imade.experiment images,
the lubble shapeare much more complicated. The disturbances introduced by bubbles and liquid
turbulence may affect the shape and motion of nearby bubbles. Large bubble surface tends to be
more unstable due to increased inertia effect. If a bubble is disthytiibd surroundinglow, or
becoming unstabl or going throughcoalescencer breakup process, its surface can be distorted
and takeanarbitrary shapeWhen projected to the image plane, these bubbles may be elongated
or appear darker with edges bewothicker than normal spherical or ellipsoidal bubbkstshigh
void fraction, bubble overlapping becomes another challenging issue in image processing. In a
cluster of overlapping bubbles, part of the bubble information is missing in the image. lemay b
difficult to accurately identify each bubble and reconstruct their actual boundaries. If not handled
properly, the result such as bubble number densityl fraction will contain significant errors.
For a large cluster of bubbles, how to correctly grthgseparated arcs that belong to the same
bubble is another problem. Some bubbles in the middle of the cluster may have three or four
separated arcs. If these arcs are not classified correctly, the bubble number and the final
reconstructed bubble shapélwe incorrect.

In terms of 3D bubble reconstruction, existed 3D imaging system usually use two
synchronized orthogonal high speed cameras for this Esihigh Mortomumbersystem where
a bubble has relatively small deformation, two camera systeynhange very good accuracy.
However, it should be pointed out that typical bubbles found in different industrial systems have
very complicated shape and they deform constantly inpinase flows. These bubbles cannot be
described by simple functions suatithose used for spheres or ellipsoids. In this case, the bubble

shape measurement can be difficult even with two camera systems.
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Fig. 1.1 Sample bubbly flow images showing various technical diffiesl in image
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processing (a) bubble overlapping along camera axis, (b) irregular shape bubble formed by liquid
turbulence and/or during bubble coalescence and breakup, (c) large bubble appeared in a dark solid

shape due to surface deformation , (d) langster of bubbles in high void fraction condition.

1.2 Dissertation Objective

The presemdd researchs in this dissertation airto develop a set of advanced image
processing algorithms to address the aforementioned issues in bubbly flow measurement. The
presented algorithms in this wocknsistof three major parts: 2D image processing algoritBin,
bubble reconstruction algorithm and algorithm benchingriool (BubGAN).

The main objectives are listed as follows:

Part 1: 2D Image Processing Algorithm

a) Devdop a new 2D image processing algorithoapable of handing bubble
overlapping at high void fraction condition;
b) Evaluate the 2D image processing algorithm with synthetic and experimental data;
c) Study the characteristics of bubbly flow using the proposeatitig.
Part 2: 3D Bubble Reconstruction Algorithm



a) Develop a new 3D bubble reconstruction algorithm whichpiglicable tomultiple
camerasystems

b) Evaluate the reconstruction algorithm with synthetic data and syringe test;

c) Evaluate the one two- and muliple-camera imaging system for bubbly flow
measurement;

d) Study the wall influence on bubble rotation and aspect ratio change.

Part 3: Bubble Generative Adversarial Networks (BubGAN)

a) Develop an algorithm for synthetmibbly flow image generation with moreadistic
bubbles compared to traditional mathematical model;

b) Developa million-bubble database and related bubbly flow image generation tools for

algorithm benchmarking and automatic deep learning algorithm labeling;

1.3 Dissertation Outline

In Chapter 2a 2D image processing algorithm is proposedatiomatically separate and
reconstruct the overlapped bubble in recorded high speed images. The proposed algorithm
combines the bubble geometrical, optical and topological information for segmentation to yield
robustand high accuracy resulthe common difficulties such as overlapping, irregular bubble
shape, surface deformation and large clustering in bubbly flow images are addressed by providing
a preset decision table and flow chart using the aforementibobble information. The
performance of the algorithm is evaluated by synthetic bubbly flow images with thevereged
void fractionrangingfrom 2.4% to 18%.

Followed by Chapter 2, theroposed image processing algorithaneused to process eight
bubbly flow runs with various liquid and gas flow raiesChapter 3 The data is recorded in a
rectangular channel with the cross section size of 30 mm x 10 mm. The test facility-tuateair
upward flows at room temperature and near atmospheric peessuditions. Three high speed
cameras are synchronized to recorded the bubbly flow images facing the 30 mm widthaside at
rateof 1000frames per second (fps)he transverse distribution and axial developnoéntrious
parameterare analyzed wittheprocessed data. The void fraction measurement is compared with

the doublesensor conductivity probe the transversalirection. At the end of this chapter, the



acquired bubbly flow data are used for interfacial area transport equation (IATE) arlgl bubb
number density transport equation benchmark.

In Chapter 4, a 3D imaging system is built with four synchronized high speed cameras. This
system can capture each individual bubble in four different vie@smbiningwith the space
carving algorithm, ta system can reconstruct the 3D bubble shape with minimum assumptions.
A test was carried oulty injecting 331 bubbles in the test section. Thmatera, Zameraand
the current £amera system are comparfed void fraction measurement accuracy. Thallw
influence on the bubbl®tation and aspect rati® then explored with the known bubble 3D shape,
which is not practical witlonly 1 or 2 cameras.

In Chapter 5, the BubGAN framework is proposed to generate realistic synthetic bubbly flow
images. TheBubGAN combines the 2D image processing algorithms and the generative
adversarial networks (GAN). The BubGAN inherits the advantages of GAN, which can generate
realistic images given related training data. It can also directly provide the labelingatiéorm
of each bubble in the generated bubbly flow images, which is not possible with traditional GAN.
The proposed BubGAN hdsll control of bubbleaspect ratio, orientation, circularityVith this
framework, the accuracy for algorithm benchmiaréxpectedto havea significanimprovement.
Finally, a summary of the dissertation is provided in Chapter 6.

The contents in Chapter 2 to Chapter 4 are based on the published works done by the author
in his Ph.D. period37i 39]:

Y. Fu, Y. Liu, Development of a robust image proaegstechnique for bubbly flow

measurement in a narrow rectangular channel, Int. J. Multiph. Flow. 84 (201&@2817

Y. Fu, Y. Liu, Experimental study of bubbly flow using image processing techniques, Nucl.

Eng. Des. 310 (2016) 5v879.

Y. Fu, Y. Liu, 3D bubble reconstruction using multiple cameras and space carving method,

Meas. Sci. Technol. 29 (201875206



2 2D Image Processing Algorithm for Dense Bubbly Flow Masurement

2.1 Introduction

To automatically processing the recorded bubbly flow imagesyr®D image processing
algorithms have been proposed to deal witlcttramon overlappinggsues in the past. The related
works can besummarizedn Table2.1. In general, there are two major steps to process bubbly
flow images. The firststep is bubble segmentation, namely, to separate overlapping bubbles in a
cluster and identify the right number of bubbles. The second step is to reconstruct the missing part
of each individual bubble and correct any artifacts if necessary.

For bubble sgmentation, Hough transforfd0], breakpoint methof41,42] and watershed
method[43,44]are the most used techniqu&he Hough transform is good for detectigcular
shae objects as shown by Hosokaetaal. [31] in micro bubble measurement, Byakaskhet al.

[45] in bubbles affected by turbulence, and byetal [46] and Mathaet al.[47] in solid particle
measurement. It hagood accuracy for small spherical bubbles or solid spheres. The result
becomes less accurate for large size bubbles with irregular shapes.nFsphedcal bubble
cluster, Honkaneret al [16] and Honkaner48] used the breakpoint method to separate
overlapped bubble boundaries in the cluster. The unoccluded edges for each bubble can be
obtained by this methodl'he watershedhethod is used by Lagt al [27] and Karnet al [29] to
separate the clustered bubble g®epnsisting of various size®ptical properties such as the
intensity difference between bubbles and background arebyseder and Sommerfe[@3] to

detect bubble outline for nonclustered bubbles. Ferediral. [49] proposed to use the shape
complexity to classify solitude and clustered bubbles.

For bubble reconstruction, the most used methoa @®hnect the missing section on bubble
boundary with a straighine or to fit an ellipse based on the extracted outline arcs for the bubble.
Considering the complexity of the bubbly flow, using one method for cluster separation and bubble
reconstructionvill have very limited applicability Forthewatersheanethod, the oveand under
segmentation are common problems found in the past studies. One single bubble can be divided
into several separated objects if the shape is elongHtieab bubbles a too close to each other,
they can be grouped as one object in the imalge detect bubble boundary based on intensity
gradient may result in different recognition rate fefanus and oubf-focus bubbles with a certain

threshold.For the breakpoint ethod, using one threshold is not always robust to correctly identify



all breakpoints. Deformed bubbles cacause ovesegmentation The breakpoint may not be
detected if two bubbles are too close and are smoothly overlapping in the iMatiethese
difficulties, most existing studies attempting to extract all the bubbles in the image are limited to
void fraction less than 7%Note that Ferreirat al [49] applied their algorithm to void fraction

up to 11%. However, their algorithm did not separate the overlapping bublblesincertainty in
bubble number density and void fraction data megd further assessmeiiior bubblyflow with

void fraction higher than 15%, it is usually not possible to extract all the bubbles in the Byage.
reducing the depth of field or using the telecentric [80%, the front bubbles can be extracted in
these cases.

To overcome the issues discussed above and extend the method to highieactimid
conditions, a robust image processing techniqupraposedto separate and reconstruct the
overlapping bubbles in the imageBhe proposed algorithm utilizes the image intensity, geometry
andtopology information in order to separate the overilag bubbles in a clusteDecision table
and flowchart are provided when combining the information from different aspects to find the most
accurate result in processing these clustered bubbidter obtaining the separated bubble
segments, a reconsttien procedure is performed to complete the missing secti@ash the
inner edge and outline of typical bubble images are used during reconstrittispreserves the
most information of the originamageand avoids the uncertainty introduced frommgie ellipse
fitting.

It should be noted that thieethoddeals with the segméation and reconstruction btibble
projectionsin 2D images The goal of thignethodis to obtain accurately the number of bubbles
and the outline of each individual bubble€ghe 3D bubble reconstruction, or bubble uoie and
surface area information are not directly available with 2D imad&®wvever, the information
obtained by the present algorithm will be essentalttie determination of thes® Jjuantities.
Suchdiscusions will be presented in Chapter 4 with multiple cansgstem

In the following, the experiment setup consisting of a rectangular chanmebtphase flow
visualizationwill be described first. Then the details of #i2image processg algorithm wil be
discussed. Thalgorithmis then benchmarked by generating synthetic bubble images.



Table2.1 Summary of image processing schemes for bubbly flow available in the literature.

Reference Test Section Void Bubble Bubble Bubble
Fraction Size Segmentation  Reconstruction

(Honkanen, 2009; Round Pipe 2% 0.0:2 mm Breakpoint Ellipse fitting

Honkanenet al, 2005) D=105 mm

(Zaruba et al, 2005) Rectangular 4% 1-4 mm N/A N/A
Channel
100 mm 20 mm

(Broder and Rectangular 0.5%- 2-4 mm Edge intensity  Use bubble with

Sommerfeld, 2007) Channel 5% gradient 85% corour
300 mm 100 mm detected

(Hosokawaet al, Round Pipe N/A 0.081 mm Hough N/A

2009) transform

(Yu et al, 2009) Round Pipe N/A 2.38 mm Hough Ellipse fitting
D=9 mm transform

(Lelouvetel et al, Round Pipe 0.51% 1.182.87 N/A N/A

2011) D=44 mm mm

(Ferreira et al, 2012)  Rectangular 11% 4.57.5mm Shape N/A
Channel complexity*
140 mm 20 mm

(Prakash et al., 2012) Rectangular N/A 2.53.15 Hough N/A
Channel mm transform
0.45m 0.45m

(Lau et al, 2013) Rectangular 6.8 % 2-6 mm Watershed Ellipse fitting
Channel
200 mm 30 mm

(Karn et al, 2015) Rectanglar N/A 0.1 mm  Watershed,; N/A
Channel Morphological
Im 0.19m characters

*The shape complexity method is used to classify different types of bubble clusters. No actual

segmentation is carried out in this method.



2.2 Experimental Setup

The schematiof the test facilityused for twephase flow studys shownin Fig. 2.1. The
facility is designed to run adiabatic -awater upward flow at room temperature and atmospheric
pressure.The test section is 3 m tall and has a 30 m&0 mm rectangular cross section. The
hydraulic diameter of this test sectionDls = 15 mm. A variable speed water pump is used to
deliver the desired flow rate to the test section from a storage fanklow is supplied by the
building compressed raline and regulated by a pressure regulafbwo-phase mixture leaving
the test section are separated by gravity in the storage Taiekwater circulates through the loop
and air is vented to atmospher&ir and water are mixed at a twahase injectqras shown irfrig.

2.1 (b) which consists of two opposite facing aluminum plates installed flush with the 30 mm wide
walls. On each plate, there are five 200rholes from wherehe air is injected into the flow
channel. This design can result in a symmetric bubble distribution at the test section Tet.
magnetic flow meters are used to measure the water flow rate entering the test section with an
accuracy of° 1% of the actual readingThe air flow ismeasured by four gas flow meters based

on the laminar differential pressure flow technology, which also has an accuratoeadf the

actual reading.By controlling air and water flow rates, various bubbly flows with different void
fractions can be obtained the test section.

From bottom to top, three transparent imaging windows are available for flow visualization.
It can also serve as the instrumentation port for probe measurement if rediegdare located
at the dimensinless height ot/Dn = 8.8, 72.4 and 136An enlarged view of port 3 ifig. 2.2
shows a typicaketup of the imaging systewith a single high speed cameraThe high speed
camera are set to face the 8@m wide side of the tésection.On the opposite side, a LED panel
is installed to provide backlight illumination to the test section. The acquired nsagdly can
havea resolutionof around 25 pixels per mm, varyimgcordingly to the camera distance to the

test channel High speed images are usually recordethe frame rate of 1000 frame per second
(fps).
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Fig. 2.1 (a) Schematic of the experimental facility capable of running adiabatiater twe

phase flows inverticd upward direction. (b) Schematic of the tpbase flow injector at the

bottom of the test loop.
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Fig. 2.2 Schematiof image system setup at the third visualization pti} = 136.
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Different twophase fbw patterns are visualized fig. 2.3. These images are recorded at the
three visualization ports witthtee high speed cameras (Photron FASTCAM SAZB{ = 8.8
and 72.4, Photron FASTCAM SA6 a&/Dn = 136). Five typical flowregimes, namely, bubbly,
capbubbly, slug, chunturbulent and annular flow are recorded. The development of the flow

pattern from bottom port 1 to the top port 3 can be identified by referring to the three images
recorded for each flow regime.

CapBubbly Slug ts:rgllj:gnt Annular

Port 2

Port 1

Fig. 2.3 Typical airwater twephase flow images recorded at the three visualization ports.

From left to right, the bubbly, capubbly, slug, churturbulent and annular flow regime are
visulized.
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2.3 2D Image Processig Algorithm

A 2D image processing program has been developed using Matlab (The Mathworks, Inc.,
R2015a) to address the processing difficulirebubbly flow image processinghis algorithm
consists of four main steps as showrfig. 2.4. The preprocessing step aims to enhance the
quality of the raw images acquired from high speed cameras to improve tesng accuracy.
Two main noise sources, namely, background noise andimésrm brightness are handled to
minimize the eror in bubble detection. The second and third step focuses on bubble segmentation
for those overlapping bubble clustertn the second step, the algorithm divides the clustered
bubble boundary into separated arcs based on boundary curvature and iergjey igtadient
information. The third step utilizes topology analysighich combineghe watershedmethod,
bubble skeleton and adaptive threshold method to identify bubble numbers and locations in a
cluster. From step two and three, the separated atttat belong to the same bubble can be
regrouped. In the fourth step, the inner bubble information and ellipse fitting njbftj@e used
to reconstruct the missing section of each overlapped bubble based on the regrouped arcs obtained
from steps two and three. The detailed procedures of the image processing program are discussed

in the following ®ctions.

2.3.1 Image Preprocessing

The original high speed images recorded in the experiment come with noises introduced by
different factors, e.g., from surface scratches and imperfect machining of the test section. Even
with the diffuser, the intensity of éhLED light shows certain variations in the imaging plane. Due
to lens vignetting effect, brightness will fall off near the corner in high speed images. Thus, pre
processing is necessary to improve the quality of images for further processing.

The recordedigh speed images areb§ grayscale imagandthe intensity matrix can be

represented by, (X, z) . As shown irFig. 2.5 (a), the left and right dark edges are Hwindales

of the rectangular channel. The ki&ines will be merged with bubbles near the channel boundary

while convertinga grayscalemage to binary image.
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Fig. 2.4 Flowchart of the image processing algorithm. Stepre processing to remove noise;
step 2: outline segmentation based on boundary curvature and image intensity gradient; step 3:
bubble number and location identification based on topology analysis; step 4: bubble outline

reconstruction.
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Fig. 2.5 Image preprocessing steps (a) original grayscale image, (b) remove background noise

|

and correct the brightness raniformity, (c) convert the grayscale image to binary image based

a global threshold, (d) extract the bubble inner boundaries (yedliosvputer boundaries (red).
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To eliminate this noisehebackgroundmage |, is taken before each run with water filled in

the test section as a reference imfmgenoise elimination The nonuniform brightness caused by
lens vigretting or illumination should be also corrected. This is important asuniborm
background intensity may introduce large uncertainty in the imageizatian step to be
performed next. In this work, the noise reduction and brightness corredi@done by the

following equation:

|1 = (lo -Ib) - (l b I a-vg) ) (21)
¥ ) S
Background noise  Non-uniform brightnes
eliminiation correction

Here, the average image intensgycalculated by:
N M (%, 2

l,=a a

, 2.2
i=j2 MN (22)

where x (i =1,...,N),z (j =1,.. M) are the coordiates of gixel. It should be noticed that in the

equation, the background noise elimination andunaiform brightness correction are riobited

to directly subtraction operatiomnly. The minus symbol caalso represent differemtoise
removal and hghtness correction techniques, whichever work best for the bubbly flow images.
The high speed image after ggeocessing is shown iRig. 2.5 (b). The dark lines on both left
and right boundaries are removethe contrast beteen bubbles and the background has been
improved. The background brightness also becomes more uniform.

A global threshold is then used to convert the gray scale image to binary iFigga.5 (c)
shows the binary image aftemmeving small objects that are less than 10 pixels. The Canny edge
detector is used to acquire the outer and inner boundaries of bubbles for further processing. The
red lines inFig. 2.5 (d) represent the outline of a solitary bidobr the boundary of an overlapping
bubble cluster. The inner edge of each bubble shown in yellow is also kept to provide

morphological information for the following bubble reconstructfter segmentation

2.3.2 Outline Segmentation

With the preprocessed imges, the next step is to separate the outer boundaries of those
overlapping bubbles in a clustéiig. 2.6 (4) shows an example of four overlapping bubbles. By
visual checking, one can tell the entire outer boryndan be divided into six arcs. The top and
bottom bubble contain one arc each. The two bubbles in the middle contain two arcs each. The

characters-f are the six breakpoints separating these arcs.
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To determine the breakpoints automatically, the boyndarvature and image intensity
gradient information are usedig. 2.6 (b) shows the curvature calculated for each pixel on the
outer boundary Different color represents different curvature value, increasorg blue to red.

The boundary pixels are arranged in anticlockwsguence, whicktarts with the leftmost point.

For pixels away from a breakpoint, the cuiysmoothandthe curvature is aroudcs mm*, which
corresponds to a 3 mm diater bubble.Near breakpoints, it usually comes with a sharp change
in directionandconvex curve becomes concave lbcalSince the radius around a breakpoint is
usually very small, this yields a large negative curvature valhas, breakpoints can bletected
by searching the local minimum curvatwalue, whichis below a certain threshold along the
boundary.

Fig. 2.6 (c) shows the magnitude d¢iie intensity gradient of the same bubble clustdrhe
outer aml inner boundary regions have the largesitrast, whichiranslates into a large intensity
gradient value in the imag&verlapping bubbles are located at different deyitng the camera
optical axis Therefore, the boundaries show different intengradient due to the owlf-focus
effect. In Fig. 2.6 (c), bubble 1 and 3 are closer to t@mera len$ocal plane than bubble 4t
can be seen that the intensity gradient of bubble 2 is smaller comparedenatheéhtwo bubbles.
By checking the intensity gradient distribution, one can distinguish ovenigppbble boundaries
according to the intensity gradient valuk there is a sudden changetire intensitygradient, it

indicates an overlapping case @hd boundary pixels may belong to different bubbles. One can

find corresponding breakpoints with a certain threshold of the derivative of intensity gradient.

(b)

(2]
o
o

Curvature [mm™1]
Intensity Gradient

Fig. 2.6 (a) Breakpoints (blue squares) obtairfksain visual checking in a bubble cluster, (b)
curvature distribution around the boundary, (c) intensity gradient of the grayscale image.
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In general, the curvature method deals with bubbles with small overlapping area better. Take

bubble 3 and 4 ifrig. 2.6 (a) asanexample the boundary has a sharp direction change near the

breakpointc andd. This corresponds to a large negative value belBwnm*. In this case, the
algorithm hasstrongcorfidence in classifying the poimis a breakpointin some cases, the local
negative curvature has an intermediate magnitddese conditions are ambiguous since it can
be a breakpoint with a smoother turndinectionor just part of an irregular shapedbble. In
order to reduce thenisclassificatiorrate these points are identified as possible breakpoints with
moderateconfidenceFig. 2.7 (a) shows the identified breakpoints with both strong and moderate

confidence from theurvature information.
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Fig. 2.7 Breakpoint detection of overlapping bubbles based on (a) boundary curvature, and

(b) intensity gradient.

The intensity gradient method deals with those bubbles with lasapping area better. If
two bubbles have a lge overlapping portion, it indicatéisat their distance to the camera should
be different. Thus, the oubf-focus effect for these bubbles will be stronger which yields a greater
change in intensity graché By calculating the derivative of the gradient intensity, one threshold
can be used to find those corresponding breakpoints in the image. Following the same strategy
used in the curvature method, those points meet a high threshold are classifie#@srisewith
strong confidence. The possible breakpoints are labeled with moderate confidence. Then the final
decision on whether a pixel on the boundary should be labeled as a breakpoinis anade by

combining these two methods together accordintatde2.2. If either the curvature or intensity
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gradient method hastrongconfidence, this pixel will be labeled as a breakpoint. If both the
curvature and intensity gradient method have moderate confidence, the pixel wik dddxeled

as a breakpointOtherwise, the pixel will not bielentifiedas a breakpoint.

Table2.2 Decision table for outline segmentation using the boundary curvature and intensity

gradient information.

No. Curvature Intensity gradient Breakpoint
1 Strong - \%
2 - Strong \%
3 Moderate Moderate Vv
4 Moderate Weak U
5 Weak Moderate U

By combiningthetwo methods together, the accuracy of identifyihe breakpoint in a cluster
can besignificantly improwed. Fig. 2.8 shows several examples of using the outline segmentation
algorithm to separate the clustered bubble boundafies.breakpoints detected the curvature
method withstrongconfidence is highlightely blue circles. The breakpoints detected by intensity
gradient change witktrongconfidence is highlighted by red squar@e breakpoints detected
by both curvature and intensity gradient with moderate confidence are marked with yellow
asterisks. Thefirst example is a cluster with three bubbles togettiar the bubble on the left,
the bottom breakpoint is detected by both methdds top breakpoint is detected by combining
bothmethod with intermediate thresholddn the intensity gradient plothere are five possible
breakpoints.Three of them have been confirmed by the curvature method with strong or moderate
confidence. The other two points are actually caused by the fluctuation of intensity along the
bubble edge.These two undesired pofmare eliminated in the final result by the algorithm.

The second example shows two bubbles with a large overlapping pdritims case, most
part of the smaller bubble on the front side overlaps with a large bubble on the backrsde.
boundary neathe breakpoints is relatively smooth and has no obvious change in direction. The

curvature method only indicates one possible breakpdihe intensity gradient method works

18



well for this condition since the bubble distances to the high speed camquétawdifferent. The
algorithm is able to detect two breakpoints with strong confidence and separate the boundary
correctly. The third example is a case with a large group of bubbles clustered togétieer.
breakpoints can be identified accurately witle proposed method in such a complex scenario.
The only point which is not detected correctly is located at théefogorner, where the bubble
shape is influenced by the test section wallowever, this over segmentation will not cause
uncertainty irthe final result as the two separated arcs will be regrouped together in the following

arc clustering step.
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Fig. 2.8 Examplesshowing the breakpoint detection algorithm based on combined curvature

and intengy gradient information.
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2.3.3 Topology Analysis

The separated boundary arcs that belong to the same bubble should be regrouped together for
the following processing. In the literatun@atershedmethod is a commonly used method to
separate the bubbles in a stier and has a reasonable computational efficierByt it has
limitations as discussed earlier since it separates the cluster based only on the boundafpshape.
overcome the shortcomings dhe watershedmethod, additional geometry and intensity
information are extracted and combined together for the determination of the right number of
bubbles in a cluster.

Fig. 2.9 shows the three methods used in counting the bubble number. The watershed
segmentation is usexb a reference since it preserves the outer boundarglo$tar. To utilize
information from the inner region of a cluste
image. For a bubble withsmoothsurface, the image shows a dark edge andgatariner region.

After converting the grayscale imagebinaryimage,thebubbleedge becomes a white band with

a certainthickness. The white band is then narrowed to a white curve based on the intensity
gradient information. The gradient direction be band is first calculated, and only the pixel with

a local maximum in this direction is kept for the skeletéig. 2.9 (c) shows the obtained bubble
skeleton from the original image. The bubble number in theteriican be obtained by counting

the connected holes in the skeleton image.

Fig. 2.9 (d) is obtained by applying an adaptive threshold mef&apto the grayscale image.

During binarization processing, a global threshold can separate the background and the bubbles
efficiently. However, it cannot separate single bubbles in a clusteg e intensity changes
between bubbles are much smaller compared to the intensity difference between background and
bubbles. Bythevisualoperation, the shape of the front bubbles in an overlapping cluster are well
recorded in the grayscale image. Taragt these front bubbles, an adaptive threshold method is
used. The main idea tiie adaptivethreshold method is similar to the global threshold method,

but the threshold is chosen differently for each pixel according to the intensity distribution in the
nearby region. This method is more sensitive to the intensity changes and thus can effectively
separate the front bubbles from the cluster. In this work, an 11x11 window is selected for each
pixel. Then a local threshold within this window is calculategerform binarization. With this
method, those front bubbles which are not covered appear as a connected ring shape with all edge

pixels identified. The covered bubbles usuakppearas segmented arcs in the imagda.Fig.
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2.9 (d), it shows that three front bubbles are completely extracted from the cluster based on the
adaptive method. Ithe adaptivethreshold method, only the detected front bubbles with all edge
pixels identified are counted.

(a) Grayscale  (b) Watershed (c) Bubble (d) Adaptive
Image Segmentation Skeleton Threshold

A

h)
I

O)
B¢

Fig. 2.9 Obtain bubble number in a cluster, (a) original grayscale image, (b) watershed

segmentation method, (c) bubble skeleton, (d) adaptive threshold method.

In order to identifythe bubble number correctly, the threeeathods discussed above are
integrated according to a flowchart shownFig. 2.10. The basic ide# to use the watershed
method as a reference to determine bubble nunhiermation obtained frorthebubbleskekton
and adaptive threshold result will be used to make any corrections when necéssasmatershed
method is used as a reference because it not only contains bubble number information but also
preserves the outer boundariResulting images from thehwr two methods may have a slight
shift from the original image. The bubble skeleton method shrinks addd®e skeleton is located
at the center of the banth the adaptive threshold method, the final edge location may differ from
that obtained fromhie global threshold method, as the threshold used for each pixel is determined
locally. Though bubble boundary has been slightly distorted, both the skeleton and adaptive
threshold methods are good indicators for bubble nhumbleus, these two methods areed to
correct the bubble number obtained by the watershed method. In the algorithm, each connected
block based owatershednethod are compared with the other two methods in the same area. For

each block, the projection area is denoted, agollowing the flowcharshownin Fig. 2.10, the

bubble number ithe correspondingrea is examined by bubble skeletod adaptive threshold
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method in sequence. By checking all the separated binay ddojects (blobs) in a cluster based

on the watershed method, the final bubble number can be decided accordingly. In this flowchart,
each circle stands for one individual bubble detected by the method indicated in the first element
of the row. The factar in front of A, 0.5 and 2, respectivelypdicate an under and over

segmentation by the watershed method. They do not indicate the actual projection area of the blob.

Watershed
Segmentation

Bubble N/A

Skekton

Adaptive
Threshold

Result @ O O

Fig. 2.10 Flow chart to determine bbke number. Each detected blob from watershed

segmentation method is denotedfasThe same blob region is checked by bubble skeleton and
adaptive threshold method. The factors in fronAgf0.5 and 2, respectivelgdicatean under
and oversegmentabn bywatersheanethod. The final output bubble number is listed in the fourth

row for different conditions.

Fig. 2.11 showsfour examples of using the above flowchart to decide bubble number in a
cluster. In tle first example, two bubbles near the bottom are grouped as one blob according to the
watershed method. Following the algorithm, this blob is given anAsre@hecking the same
interested area, the bubble skeleton method tells that there are two soi#ilespeach indicated
by an area 0A4. The adaptive threshold result is examined next. It tells that one smaller foreground
bubble, indicated by 04, is completely detected with all edge pixels being identified. As can be
seen in the grayscale imagepgher bubble in this area is partially covered by the front bubble.

Thus, the shape of this bubble cannot be completely extracted by the adaptive threshold method.
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Combine three methods togethenecan decide that there are two smaller bubbles in tes a
and the watershed method has uratedicted the bubbles number.

For the second example, an elongated bubble is divided into two parts by the watershed
method. In the algorithm, these two parts will be examined by the other two methods. Use the blob
highlighted in the red dashed box as an examiplearea is denoted a& again. The bubble
skeleton indicates that the bubble is much bigger than the watershed prediction in the same area,
assigning it an areaA2 For the adaptive threshold method, tie¢edted bubble is not complete
since its top part is covered by another bubble. The area information is not available (N/A) in this
case. Using the flowchart, one can decide that the watershed method Festiovated the bubble
number, and the bottom tvidobs should belong to the same bubble.

The third example shows a case which contains a large bubble in a cluster. Due to the effect
of surface deformation, the large bubble has a much darker center region. The watershed method
is based on the object geetry information. Thus, the large bubble can still be separated and
labeled withAr by the watershed method. The bubble number information is not available (N/A)
from bubbleskeleton method in this case since the bubble has no clear edge with a btight cen
region. Follow the flow chart ifrig. 2.10, the region is further checked by the adaptive threshold
method. It can be seen that the large bubble is detected with a connected edge in the image. In this
case, the bubble numbes identified as one in the red dashed box when the bubble skeleton
information is not available.

The fourth example shows a large cluster containing eight bubbles. Based on the watershed
method, the eight separated blobs are checked in sequence usiony tifert. With the proposed
method, the algorithm shows the ability to handle those large bubble clusters with complicated
topology structure.

From the above examples, it is seen thawiershednethod in example 1 and 2, the skeleton
method in exampgl 3, and the adaptive threshold method in example 2 and 4, all show certain
errors or deficiencies in counting bubble number individuaBut combining these methods
according to the proposed flowchart, these errors have been corrected successfiilyesuitis
in an accurate bubble count in all four exampl&be blobs from the watershed method can be
merged or divided to reflect the corrected bubble numBerce the outer boundary of the blobs
obtained from the watershed method is unchanged, onaatch the separatadcs from step two

(Section2.3.2 to these corrected blobs to find all the outline arcs for each individual bubble.
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Grayscale Watershed Bubble Adaptive Result
Image Segmentation Skeleton Threshold

Example 1

Example 2

Example 3

Example 4

Fig. 2.11 Examples of determining bubble number using the flowcstaown inFig. 2.10.
Example 1: overlapped bubbles where the watershed methodestaeates the bubble number;
Example 2: an elongated bubble where the watershed methedsiireates the bubble number;
Example 3: a dark bubbleith surface deformation where bubble skeleton method is not available;

Example 4: an example of determining bubble number in a large cluster.



2.3.4 Bubble Outline Reconstruction

After arcs are matched to bubbles in a cluster, the next step is to recahstmeising parts

for each bubble An ellipse is first fitted to each bubble using the available arcs to determine the
angle of a missing sectionlf the missing section angle is smaller tHz®, the ellipse fitting

method will beusedto fill the missing sectionlf the missing section angle is larger t{3&h, the
existence of an inner bubblmner edge) will be examined firstf the inner bubble is similar to

the outer boundary, the inner bubble willlbeved to the center of the outer boundary and enlarged

to complete the missing sectioif.there is no corresponding inner bubble or the inner bubble is
distorted, ellipse fitting will be usedA reconstructiorof three overlapping bubbles in a cluster
shown inFig. 2.12 as an examplaVith the bubble segmentation algorithm described above, the
cluster boundary is divided into four arcs and matched to the three bubbles in this cluster. In this
case, all the tlee bubbles have clear inner bubbles. For bubble 1 and 2, the detected missing

sections are larger tha880 . The corresporidg inner bubbles are enlarged to connect the missing

sections. For bubble 3, the angldlumissingsectionis 28 . Thus, ellipse fitting is usedirectly

to connect the missing section. The reconstructed outlines of each individual bubble were plotted
on the original grayscale imagehig. 2.12(c). As can be seen in the figure, the unoccluded bubble
boundaries are kepnhdthe reconstructed missing sections show a good match for each individual
bubbles.

Fig. 2.13 shows three sample results of tygibubbly flow images obtained using the above
image processing algorithntachsingle bubble detected by the algorithm is marked by their
reconstructed outlines shown in different colors. By visual observation, most bubbles, either
solitude or clustered, ar@wectly identified by the algorithm. The overlapping, irregular shape
and deformation problems are handled properly so that reconstructed outlines show good accuracy.
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(a) Bubble
Segmentation

Bubble 1:
Bubble 2: +
Bubble 3:

(c) Reconstructed

Bubbles

Outline of Individual
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(b) Outline
Reconstruction

Bubble 1:

Pixel

Bubb!e 2: +

.
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Pixel
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Fig. 2.12 Reconstruction of individuabubble outlines in a cluster (a) bubble segtation
results obtained frome®tion2.32 and2.3.3 (b) bubble reconstruction with inner bubble and

ellipse fitting, (c) the reconstructed outline of each separated bubble.

(a) (b) (c)

Fig. 2.13 Sample results of reconstructed bubble outline for typical bubbly flows. The

reconstructed outlines are plotted on top of the grayscale image for visual comparison.
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2.4 Algorithm Benchmark with Synthetic Images

To quantify the unceainty of theproposed 20mage processing algorithm this chapter
synthetic images are generated in a simulated test section with the same geometry as the
experiment setugor benchmarking purpose Synthetic bubbles are generated based on an

ellipsoidmodel, whichcan be described by three seameg(a, ;,h,;, G ;). In additionthree Euler

angleqda,, b, ; § should be used to account for the rotation of each bubblee subscript

represents th#" bubble in the synthetic iage. To simplify the problem in this study, seswmis

c,; is set as the shorter one amaxg andb, ;. Also, bubbles are allowed to rotate only around

they axis, which translates intc%,bi - E'CS in the Euler angle systemThe synthetic bubbles

generated this way make it possible to calculate the bubble volume once the outline is correctly
identified. Therefore, the void fraction can be determined accurately basedages obtained
from a single cameraThis provides useful information on the void fraction range the developed

algorithm can be confidently applied to.

The rotation angleb, alongthey axis is generated randomly in the range{-o%,z"f. The

semiaxesa,; andb, ; have the sammean valuer, . Each has a rectangular distribution with a

0.5mm width. The center locatisof individual bubbleqx, y, z) areassigned randomly in the

simulated test channel. Algorithms have been implemented to prevent the violation of geometrical
restrictions namely no bubble should cross the wall boundaries and bubbles are not physically
overlappingwith one another.

In this test, synthetic images are generated with the void fractiarm#.02, 0.05, 0.08, 0.10,
0.12, 0.15 and 0.18 for differem,, =1.5mm, 20 mm and 2.5 mm. Each condition consists of

100 frames, and theesultsare obtained by averaging over all framé&sg. 2.14 shows a sample
frame of random generated synthetic bubbles in the test section. The color of the bubble denotes
the volume equivalent diameter varyingrfr@ mm to 4 mm. Larger bubbles are shown in yellow
and smaller ones are shown in blue.

With the generated 3D images, the bubbles are projectdtetoz plane to simulate the
images acquired from the high speed camefag.2.15 shows the steps by converting generated
3D ellipsoid bubbles to a 2D ellipse image First, two templates of bubble projections are
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generated to account for the out of focus effect. The image intensity across a bubble edge is given
a Gaussian distriiion. The background intensity is set as the average background intensity in
high speed images in the experiment. When two bubbles are overlapping, one will be further away
from the focal plane than the other. This bubble is given a smoother intensiyectoa larger
standard deviation in Gaussiai) edge whereas the other bubble has a shaper edge (or smaller
standard deviation) as can be seen in the figure. The projected 2D ellipse in the imaging plane can
be determined using the semxes and rotatioangle information. Then one of the templaies
stretched and rotated so that it can be mapped to the 2D ellipse. Without loss of generality, the

focal plane in this synthetic bubble test is assumed to be vithm¢ y ¢Smm range. If the
bubble center valug, is in this range, thehaper template will be useatherwise the softer one

will be used. Repeating this procedure for all the bubbles in one frame, the final synthetic bubble
images can be obtained as shawrrig. 2.15. It can be seen that the synthetic image contains
random bubbles with different sizes and rotation angles. Thefdatus effect, and bubble
clustering and overlapping are also well reproduced in the image. Ttia sesolution of the
image is 20 pixels panm, whichis similar to the experimental images.

The synthetic images are processed by the image proceskjogthm described in
Section2.3. The timeaveraged information of bubble number density can bauledéd after
individual bubbles are extracted from the imag&sy. 2.16 shows the relative number density
errors of the image processing results. It can be seen that number density-estindeed for all
conditions due tahe overlappingproblem. The number density error increases with increasing
void fraction and with decreasing bubble size. Since number density is highe fmaller
bubble at a fixed void fraction, small bubble size may cause more bubble overlapbiegrpr
which may explain the error trend shown in the plot. Wirad fraction is below 10%, the number

density errors are below 5% for the all bubble sizes tested. Above 10%, a rapid increase of relative

errors is seen for,,,= 1.5 and 2.0 mm. For a larger bubble sizergf = 2.5 mm, the error is

avg
2.029% even at a high void fractian=0.18. This synthetic bubble test result shows that the
developed algorithm has a robust performance witl@igo void fraction for bubble sizes of
practical interest. For void fraction higher than 10%, the algorithm can still preshassurate

result for larger bubbles. However, special attention should be paid when applying the algorithm

to smaller bubbles abé errors may be significant.
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Fig. 2.14 Randomly distributed ellipsoid bubbles in a volume that has the same cross section
as the actual test facility (30 mm x 10 mm). The case shown in the figurevioés faaction

a = 0.0, mean semaxis r,,= 1.5 mm. The color of the bubble indicates the equivalent bubble

diameter.
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Fig. 2.15 Procedurdo obtain synthetic bubblenage with oubf-focus effect. Bubbles

which are slightly oubf-focus showa higher degree of Gaussian blur.
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Fig. 2.16 Number density error varying with void fraction for three mean sedqs values:

1.5, 2.0 and 2.5 mm. The number next to a marker shows its relative error.
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2.5 Summary

A robust2D image processing algorithm has been developed for bubbly flow measurement.
Both bubble segmentation and reconstruction technigquedisressed in detaihithis chapter
The algorithm combines the geometrical, optical and topological information obtained in the high
speed images. It is capable of resolving the image processing challenges commonly found in
similar applications. A synthetic bubble image testerformed to verify the developed algorithm,
and further quantify the measurement uncertainty under various conditions. It shows that the
algorithm has a high accuracy in number density measurement for large bubbles at void fraction
up to 18%.The relaive number density error increases with decreasing bubble size, but still below
5% at void fraction 10% or lower.

The outline reconstruction has also been improved compared to simple ellipse fitting method
widely used in the literature. An agatke outlhe is necessary folBbubble reconstruction, and
bubble volume and surface area measureriidéaise valueare essential to obtain the parameters
of practical interest such as void fraction and interfacial area concentration. If individual bubbles
are notmeasured properly, the fintne- and spac@veragediata may comtin large uncertainty.
However,more than one cameisrequiredo accurately measure the volume and surface area of
individual bubbles. Study on reconstructing 3D bubble based on theb@bble information
obtained by the presented algoritinfl be reported in Chapter. 4
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3 Study of Bubbly Flow Characteristics

This chapter studies the characteristics of the bubbly flow in the rectangular chanrel with
crosssection of30 mm 10 mm Eight bubbly flow runs are recorded with three synchronized
high speed cameras. The recorded images are processed with the 2pronagsing algorithms
developed in Chapter 2. The distribution of bubbly flow void fraction, interfacial area
concentration, bubble Sauter mean diamedtr, are reported both ithe axial and transverse
directiors. The acquired experiment data aredugor thebenchmarking of thenterfacial area

transport equation and bubble number density transport equation.

3.1 Experimental Conditions

Eight test runs with different superficial gas and liquid velocities are performed antpser
as shown irFig. 3.1, where the bubblyo-slug transition line is given by Mishima and Is}a8].
The supertiial gas velocities are fixed at 0.68s fun5-8) and 0.01 m/¢run 1-4) with superficial
liquid velocity ranging from 0.50 to 2.12 m/s. The maximum local void fraction in these runs

could reach 17%. The fluid temperature is maintained at 28 %1dPring the test.

Run # (¢ [m/s] | jgolmis]

1 0.50 | 0.10
1.00 | 0.10
1.28 ] 0.10
2.12 | 0.10
0.50 | 0.05
1.00 | 0.05

1.50 | 0.05
2.00 | 0.05 N

(N[O~ |wN

@ ©@ Q@

Superficial Liquid Velocityjf [m/s]

Bubbly Slug

o |

10"
Superficial Gas Velocitm',gO [m/s]

Fig. 3.1 Test conditions in g&-js map.
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Two highspeed cameras (Photron FASTCAM SA4) are used to take images at the first and
secondvisualizationport (z/Dn = 8.8 and 72.4). The resulgmmages have the resolution of 0.065
mm per pixel. Another higepeed camera (Photron FASTCAM SAG6) is placed at the third port
(z/Dn =136) to take images at the resolution of 0.043 mm per pixel. With such resolutions, a 3 mm
bubble contains at least 1Bpixels in the image. All images are taken from the 30 mm wall side.
Three LED panels are arranged in a backlight configuration to provide a uniformly illuminated
background. At each port, the recorded images correspond to a 30 mm (width) by 60ghth (hei
flow region. All three cameras are synchronized at the frame rate of 1000 frames per second. Ten
seconds of data are taken for each run, which results in 10000 sequentialdatresggsport.

Sample bubbly flow images faun 1-4 are shown irFig. 3.2. Checking visually, one can
identify some common trends in the upward bubbly flow. From port 1 to port 3, the bubbly size
will increaseandthe bubbly number density usually will decrease accordingly. Fuarh torun
4, the superficial liquid velocity increases from 0.5 m/s to 2.12 thisresults in a decrease of
bubble size. Forun 58, similar trends can be found kig. 3.3. The superficial gas velocifyo
= 0.05 m/s irun5-8 is only héf of the jgo=0.10 m/s used irun 1-4. This results in a significant
bubble number density decreaseun 5-8 with similarjs setup. Bwisualcheck, the bubbly flow
characteristic can only be analyzed qualitatively. The quantitative informatibly flow void
fraction, interfacial area concentration and bubbly number density distribution require the

utilization of the 2D image processing techniques, which will be reported in the following sections.
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Run 1 Run 2 Run 3 Run 4

Port 3

Port 2

Port 1

Fig. 3.2 Sample high speed images for bubbly fiawa 1 torun 4 at three visualization ports.
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Run 5 Run 6 Run 7 Run 8

Fig. 3.3 Sample high speed images for bubbly fiawa 5 torun 8 at three visualization ports.

Port 3

Port 1
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3.2 Results Compaison with Flow Meters and Conductivity Probe

In Fig. 3.4, the superficial gas velocities obtained by 2feimage processinglgorithmare
compared with those obtained from the gas flow meters and local pressure measurenrests at th
different ports. The mean absolute relative error is 11%, with the highest er2d%oof The
discrepancies seem to be randomly distributed among different runs, which rules out a systematic

over or underprediction by the image processing technique.
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Fig. 3.4 Comparison ofg measured by image processing method and gas flow meters.

To determine the accuracy of tB® image processing scheme in obtaining the local two
phase flow quantities and their tlibutions in the transverse direction, a benchmarking study is
carried out using the doub$ensor conductivity probe. A schematiclod test setup is shown in
Fig. 3.5. The doublesensor conductivity probe is placed on a tvay linear stage. By adjusting
the micrometers mounted on the linear stage, the probe can be moved to a designated location in
the test section. Probe measurement is performed at 94 locations covering the entire cross section

at the third port4/Dn =136). A data acquisition system is used to convert the analog voltage signal
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from the probe to digital signal. The typhase flow parameters such as void fraction and bubble
velocity are then obtained by processing the digital signals by a single progasgjram. The

probe signals are sampled for 1800 s at each location to ensure that enough bubbles are obtained
for computing the tim@&veraged parameters. At each specifiocation, nine corresponding

points in they direction are measured by theope. From these local measurements, the line
averaged parameters along the 10 mm gap can be calculated and be compared with the image

processing results.

- 10mm_

Gasliquid flow

DoubleSensor direction

1

1

1

1

1
Conductiyity Probe 1 v
[ ]
1

1

1

1

|||— Circuit
High Speed
Analo
Al Inputg Camera
HES b
Board
x“;(o"
Digital 7
Signal 4»\0/“/
i Digital
Signal
Computer ||

Fig. 3.5 Configuration of the doublsensor conduatity probe and high speed camera for the
benchmarking test afDn= 136.

Fig. 3.6 shows the lineaveraged void fraction and velocity distributions in the transverse
direction (alongx) at the third port for run 7. The data abtd from high speed images are
compared with that obtained from the doubénsor conductivity probe. As can be seen from the
figure, the image data appear as continuous curves spanning the entire 30 mm wide test section
due to its high resolution. Wheas the probe data can be taken only at limited discrete locations.
The relative errors ofoid fraction are within £10% except for the points near the wall boundary.

It should be noted that the uncertainty in the probe data may also increase ne#irdhe twahe
increased flow disturbance by the probe. The velocity compares well with the probe data with the

relative error less +10% for all the measurement locations. These results show that the imaging
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processing scheme has a good measurement agctoa the bubbly flows tested in this

experiment.
0.06 . . . . . oF . . . . . -
(a) (b)
0.0% ] %
ity | g
0.04 /’% % ] %% ﬁ—%
_ 4 B 7
—0.03 }/’ \ é@ 1} 1
\‘ S
0.0% y; \ L
e’ Pyl og
00T ¢ Probe data wittf 10% error bar ¢ Probe data witlt 10% error bar
/  ---Image processing data \ ---Image processing data
% 5 10 15 20 25 30 % 5 10 15 20 25 30
X [mm] X [mm]

Fig. 3.6 Comparison of image processing method and desdsor probe for run 7, a) void

fraction distribution along, b) bubble velocity distributioalongx.

3.3 Analysis of Bubbly Flow Characteristics

3.3.1 DistributionAlong theTransversd®irection

Fig. 3.7 shows the transverse void fraction distribution averaged in the depth direction (10
mm) forrunl to run 4. The red verticdbsh lines at the bottom of each plot indicate the locations
of the air injection holes. FroFig. 3.7 (a) which is taken a/Dn = 8.8, runs 24 show five distinct
void fraction peaks in the profile. The middle three peak$oasded neak = 9, 15 and 21 mm
which coincide with the air injection holes. The void peaks near the left and right walls are slightly
away from the injection hole location, which might be caused by the strong lift force in that region.
For run 1 ajs = 0.5 m/s, the effect of injection holes is less obvious compared to other runs, which
may be explained by the longer developing time for bubbles traveling from the injection hole to
the measuremeihbcation. Fig. 3.7 (b) shows lhe void fraction profile at/Dn = 136. The peaks
disappear almost completedpndvoid fraction is rather uniform except the near wall region. As
the superficial liquid velocity increases from 0.50 to 1.00 m/s, the wall peak remains at a similar

level, but shifted 1 mm towards the wall due to the increased shear gradient. s Witttmer
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increasing to 2.12 m/s in run 4, the near wall void fraction becomes smaller than the center region

though a local peak still exists.

—Run 1,jf=0_50 m/sjgozo_lo m/szIDh=8.8 —Run 1,jf:0.50 m/sng:O.lo m/sz/Dh:136
0.2 Run 2,jf:1.00 m/sng:O.lO m/sz/thg,s . 0.2 Run 2,jf:1.00 m/sng:O.lo m/sz/Dh:136 -
Run 3‘jf:l'28 m/Sjgl):O'lO m/sz/thg,g Run 3,jf=1.28 m/sjg0=0.10 m/sz/Dh=136
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Fig. 3.7 Void fraction distribution of runs-4 at (a)z/Dn = 8.8 and (b}/Dn = 136.

Fig. 3.8 shows the distributions of the void fraction, interfacial area concentration, bubble
velocity, superficial gas vetity, Sauter mean diameter and bubble number density at three
measurement ports for run Eig. 3.8 (a) shows that the void fraction profileszdb, = 72.4 and
136 are very similar, which indicates the flow has been well dpedkiport 2. The void fraction
peak near the wall is about 0.17, nearly three times higher than that in the center region. The
interfacial area concentration shows a similar trend as sd€g.i8.8 (b). However, the Sauter
mean diameter plotted iRig. 3.8 (e) shows a continuous increase from port 1 to port 3, which
might be caused by the continuously decreasing pressure and gas density. The bubble number
density decreases from port 2 to port 3shewn inFig. 3.8 (f). This means that the bubble
coalescence is more dominant process than the breakup for this run. These two counteracting
mechanisms, namely, coalescence and expanmsguling in a negligible change in theterfacial
area concentration between port 2 and port 3.

3¢



T T E 40 T T T T
s Run 2 z_ » Run 2 1.e Run 2 1
0.1% .jf=lAOOm/s g %_ .jf=1AOOm/s .jf=1.00mls
= ] \ Jgo=0.10m/s ; S 300_:,‘ : JQO:O.lom/s ; 1.4 JQO:O.lom/s 1]
N | © 2 1 . I -
R = . ] Y PN
g ey 4 . ;o & 1 A PO E13 PR
5 0.104% 3 e \, FH bt N N, S ko - e
= K P A N S S H S 204 -\ ; Qg sF A = peanet®
g Rt ) i 3 | Ly b A S gk
T Y . &S at A °
] \,*--.__.__.‘ i WL L WP 8 } KRN CTraparangst Y, o -"'\ 1 >
o ks - 0 | o eazeas N \ _
o.0g -.2ID=88 2 E ezl 28.8 ! od -.2/D,=8.8 ]
] -2/D,=72.4 ‘i _r_g : -2/D,=72.4 i --2/ID,=72.4
_ 8 - [ 3 = ]
(a) z/D, =136 5 (b) z/D, =136 ! 0.4 (C) z/D,=136
0 1|0 2|0 30 = 0 1IO 2|0 30 0 1|0 2|O 30
Transverse Locatior, [mm] Transverse Locatior, [mm] Transverse Locatioxr, [mm]
0.% ~Run2 1 T 4 _Run2 E %15-5 _Run2 ]
Jf=1AOOm/s £ Jf=1AOOm/s 5 H ]f=1.00mls
Jgo:o.lom/s A ;m Jgozo.lom/s > Jgozo.lom/s
o *ernnnanse IO ety -1 a
— 3 s Lot "] &
@ g [t R ST S a
£ RS s b . =
by R4 =) '~ [
2 g AN - E 'g
T e WO 3 =
A o = 3 2 -.2/D,=8.8 z Ng/p=8d
0.05 -2ID,=72.4 b g% --2ID,=72.4 1 8 29
- " < - [} —
(d) . z/Dh—136I 7] (e) . z/Dh—136I z/Dh—136I
0 10 20 30 0 10 20 30 20 30
Transverse Locatior, [mm] Transverse Locatior, [mm] Transverse Locatioxr, [mm]

Fig. 3.8 Axial development of bubbly flow parameters in run 2.
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Fig. 3.9 Axial development of butly flow parameters in run 6.
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For run 6 shown irFig. 3.9, the wall peak of the interfacial area concentration increases by
40 m* from the second port to the third. The Sauter mean diamefag.iB.9 (e) shares the same
increasing trend witkig. 3.8 (e). The bubble number density near the left waHigy 3.9 (f) does
not change considerabBndthe right peak shows a slight increase of 0.8crBince the void
fraction and bubble number density are less than those in run 2, the bubble coalescence should be
less frequent. Expansion and lift force effect might be the dominant mechanisms in this case which
lead to a significant increase of interf@lcarea concentration at the near wall region.

The bubble velocities in both runs show a continuous increasing trend from port 1 to port 3.
The velocity profiles are relatively flat compared with siAgitese laminar or turbulent profiles.
It is also need that the velocities take finite values at the left and right wall boundaries, which is
quite different from the nslip wall boundary condition typically found in singbhase flows.
This difference is consistent with the experimental observatiangely, even the bubbles at the
wall could slide along the wall with a naero velocity. It should be noticed that the bubble semi
axis which is perpendicular to the camera axis is assumed to be equal to the shaxisehthe
fitted ellipse on the buide reconstructed outline. It assumption enables the algorithm to estimate
the bubbly flow void fraction and interfacial area concentration. With no extra information
provided, this assumption can be an important error source in estimating the vaodah feact
interfacial area concentration withsingle 2D image only instudyng the bubbly flow. The
uncertainty of one camera system in measuring the bubbly flow parameters is further studied in
Chapter 4.

3.3.2 DevelopmenfAlong Axial Direction

To study the ne-dimensional development of bubbly flows, the crssstional areaveraged
data are obtained for all eight runs at three ports as shofig.i.10. The void fraction of all
runs shows a monotonic increasing trend. Considehat the velocity also has an increasing
trend, the volumetric flow rate increases along the test channel, which is consistent with the
pressure decreasing trend. For rus&\Bith a fixedjgo= 0.05 m/s, the bubble number density in
Fig. 3.10 (e) becomes smaller at a higher elevation. For ruhstiie gas velocity is fixed go=
0.10m/s. The bubble number densityAig. 3.10 (b) showsamorecomplicated behavior. Bubble
number density dropgdm port 2 to port 3 in runs 1, 2 and 3. For run 4, the number density

41



increases first from port 1 to 2 and then decreases from port 2 to 3. Both the void fraction and
number density have a direct influerarethe interfacial area concentration changa.shown in

Fig. 3.10(c) andFig. 3.10(f), the interfacial area concentration shows quite different trends from
port 1 to port 3, among different runs.
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3.4 |ATE Benchmark

For adiabatic atwater twephase flows, the main source terms in the interfacial area transport
equation come from the bubble expansion and bubble interactionameats. For one
dimensional IATE benchmarking, the expansion effect can be obtained directly from the pressure
changes. According to Sen al.(2004), there are three typical bubble interaction mechanisms in
bubbly flows: (1) random collision (RC), (2yake entrainment (WE), and (3) turbulent impact
(T1. The random collision and wake entrainment are sink terms, whereas the turbulent impact acts
as a source term. The edenensional areaveraged IATE for bubbly flowandition can be
written ag[54]:

d%(<ax><<vgz>>)=f;‘§2 (o) %%Z(<a><<vgz>>) a(7), (3.
wherevy;is the bubble velocity in the axial directia);(C is the intergroup transfer coefficient;
O’ is the ratio of critical diameter to Sauter mean diameter anéhepresent th¢" bubble
interaction mechanism. In the current IATE benchmarking study, the source term models and
model coefficients proposed by Seal[54] are used.

While solving Eq.(3.1), the bubble velocity and void fraction data obtained from the image
processing technique are used as known parameters, which eliminates the need for solving the
continuity and momentum equatgnThe interfacial area concentration measured at the first port
z/Dn = 8.8 are used as the inlet boundary condition. The interfacial area concentration predicted
by the IATE model ax/D» = 72.4 and 136 are compared with the measured data as shbign
3.11. As can beseen, the IATE model performs very well for runss3with most data being
predicted within an error range of £10%. Several major sources contributed to the change of the
interfacial area concentration canfobend in the right column in the figure. The expansion acts
as the major source term for all four conditions. The wake entrainment is the dominant bubble
interaction mechanismwhich act as a sink for interfacial area transpoihereas the random
collision and turbulent impact show negligible effect since the void fraction is low and the Weber
number is smaller than the critical Weber number (6.5). The velocity always increases along the
test channeso thatit shows a negative effect on the interfd@rea concentration changé&he
combined effect of expansion, velocity and random collision results in an overall increasing trend

in runs 3 and 4, but nearly random fluctuations for runs 5 and 6.
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Fig. 3.11 Left: comparison of the interfacial area concentration prediction with

data for runs &; right: contribution of various source and sink terms.
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3.5 Number Density Transport Equation Benchmark

The image processing technique can accuratedgisure the bubble number densiitich
cannot be obtained by other methods such as the conductivity probe, or wire mesh sensor (due to
size limit). The IATE is derived based on the Boltzmann transport equation of the bubble number
density function. Tarefore, it is important to validate the number density transport equation and
the related bubble interaction mechanisms with the current data. This study will provate
fundamental understanding of the bubble interactions as it can separate eittsrsefth as the
bubble shape modeling and volume expansion from the equation. The number density transport

equaton for bubbly flow is given 454]:
ot @) R Re R, (32)

wheren is the bubble number density aﬁdm is the numbedensityweighted bubble velocity;

Rrc and Rwe are bubble coalescence rate due to random collision and wake entrainment,
respectively;Rr is the bubble break up rate due to turbulent impact. Since the current tests are
performed in adiabatic awater condition, the terms due to nucleation and condensation are not
considered here.

Similar to IATE, the number density transport equation is sobadg the bubble velocity
and void fraction obtained from image processing scheme as known parameters. The number
density in the first porz/Dn = 8.8 is used asnlet boundary conditionFig. 3.12 shows the
comparison results @fie number density #he secondand third port for runs-8. In these runs,
the model shows that the wake entrainment and the velocity change are the two major factors
which cause the decrease of the bubble number density. The influence of i@ilil®on and
turbulent impact are negligible, similar to the interfacial area transfer. FoBramd 4 withjgo =
0.1m/s,the figures show that the model performs quite well with a relative error of aboW
For runs 5 and 6 witligo = 005 m/s the mode correctly predicts the decreasing trend but
underestimates the bubble coalescence rate. The number density acquiréx &operimenis
significantly lower than the prediction. This shows some inconsistency compared to the IATE
results for run 5 an@ as shown irfrig. 3.12, in which experimental data are well predicted by the
IATE. One main reason may be that the coefficients determined for the sink and source terms in

IATE have to account for both the bubble number densignsport and the bubble shape
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approximation to obtain the optimized values for interfacial area transport. However, these

coefficients may not be the optimal values for the number density transport equation alone.
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Fig.3.12Comparison of the number density prediction with the experiment data for @ns 3

3.6 Summary

This Chapter studied thair-water bubbly flows in 80 mm x 10 mm rectangular channel.
The test conditions cover two superficial gas velesjtD.05 and 0.10 m/s with different superficial
liquid velocities ranging from 0.50 to 2.12 m/s. Three k8ghed cameras locatedzdd, = 8.8,
72.4 and 136 were synchronized to capture the development of bubbly flow in both transverse and
axial directons. The proposed 2D image processing algorittas used to extract the information
of individual bubbles, as well as the temporally and spatially averaged parametersnagbe
processing techniquean effectivéy identify and reconstruct overlappingtles for local void
fraction up to 17%. The lift force effect was observed in severatuastwhich drives bubbles
to the near wall region. The interfacial area concentration shows a complicated behavior since
severakources and sink mechanisms atempeting with each other. The predictions made by the
onedimensional IATE model compare reasonably well with the data extracted by the image

processing schemelhe number density transport equation shawsliscrepancywith the
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experimental data in songases. This may be a result of the unoptimized empirical coefficients in

the bubble interaction mechanisms and shbaelcarefullytreatedn the future studies.
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4 3D Bubble ReconstructionAlgorithm with Multiple Cameras

4.1 Introduction

To accurately measutée 3D shape of bubbles and to evaluate the accurady ahd 2-
camera systems, an imaging system employing four synchrongtesgeed aaerass developed
for 3D bubble reconstructionThe exising 3D objectreconstruction algorithmsclude digital
holography[55,56], shape from silhouet{®7,58], shapefrom-texture[59], etc. Consideringhe
transparensurfaceand deformatn of the bubble in liquidspo welkmarked textures can be
extractel from the bubble surfacr applying theshapefrom-texture technique With the
ambient LED light setup in thisxperiment, a shape from silhouette based space carving method
is proposed to process the obtained high speed iniag@3 bubble reconstraion. This method
can combine the bubble projections from different view angles to generate a visual hull, which
represents the maximum possible space containing the bubble. A smooth bubble skiagre can
befitted in the visual hull. Compared to thheand 2camera systemshe developed system can
measure bubblghape with higher accuracy aleds uncertainty. e bubble parametenrgolume,
surface area, rotation angle and aspect eméalso made availabhgth the reconstructed bubble
This methdl is flexible with the camera position and numbers, which can be adopted to measuring
bubbly flow in different experiment setup#.also provides a baseline data for the evaluation of
the performancef the 1- and2-camera systems.

In this chapter, thexperimental setup and the 3D imaging system are first descEesing
bubble reconstruction techniques #nen reviewedased on the number bigh speed camera
used for reconstructionThe proposed space carving algorithrfolowed afterthese nethods
A 3D synthetic bubble model is used to verify the accuracy of the space carving method and to
analyze the uncertainty ttie aforementionedanethods for 3D bubble shape measuremdaiier
algorithm verificationdifferent reconstruction techniquae used to measure the bubbles injected
into the stagnant water in a rectangular channel. The accuracy and uncertainty of these methods
are obtained by comparing the bubble volume measurement within the known injection volume.
The wall influence on buide rotationis studiedby visualizing the bubble trajectony a sequence
of frames. Bubble rotation angle and aspect ratio measurement using the proposed technique are
providedat the end of this chapter.
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4.2 Experimental Setup and Image Preprocessing

4.2.1 3DImaging System

High speed imags are taken on gas bubbles in 3hm tall test channel with a 3 cm x 1 cm
rectangular crossection. Thedetails of the test facility can be foundSection2.2. In thistask
tests are cared out in stagnant water condition with the water column heightDaf=131.7. A
syringe with an accuracy of +10 mis used for bubble injection. The gas bubble is injected into
the watercolumnthrough a stainless steel tube placed at the centiee ailet. The stainless steel
tube has an inner diameterlBf= 1.20 mm. In each run, the total injected gas volume is around
900 mn?. The test is repeated 10 times, which results in 331 bubbles in this studly.

The configuration of théour high speedameramaging systenis illustrated inFig. 4.1. As
shown in the figure, the system consists of four high speed cameras (Photron FASTCAM SA4)
placed at the same dimensionless heiglz/of = 25 along the test channel. All fokhigh speed
cameras are synchronized at a frame rate of 250 Hz for image recording. The rebitited 8
grayscale image has a maximum resolution of 1024 pixels x 1024 pixels. Camera 2 and camera 4
are perpendicular to the front (3 cm wide) and side (1wide) walls of the test channel,
respectively. Camera 1 is placed to the right of caw®igh an angle of 39 Camera 3 is placed
to the left of camera 1 with an angle o’50rhese angles are measured after the cameras have
been installed at theiptimal locations under the condition that the physical space is limited by
the test section supporting structures.

The extrinsic and intrinsic parameters of four camarasalibrated with a chessboard target
and Matlab The Mathworks, Inc., R017a) imge processing toolbox. The camera orientation
and the magnification ratio with a given distancéi®cameracan be acquired from the camera
intrinsic parameters. The relative location and orientation of four cameras can be determined from
the extrinsiqgparameters. The spatial resolution of the recorded images is around 30 pixels per mm
andit varies depending on the bubble location and the recording camera. Two LED panels are
placed on the opposite side of the front aite cameras to provide bad¢kliumination for the
imaging system. To facilitate the following discussion, the origin of the world coordinate system
(x-y-2) is set at the bottom left corner of the test channel inlet plane, with the pastiie
pointing upward. Thgandy axes & aligned parallel tB0mm and 10 mm wall side, respectively.
Thei'" camerecoordinate is denoted asifyci-z;) in thefollowing discussion
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Fig. 4.1 Configuration of the imaging system with four higheed cameras at theight of
z/Dn=25.

4.2.2 Distortion Correction

The calibration chessboard is placed on the outside of the test channel due to limited access
to the inside. The distortion due to light refraction at the wadeylic-interface and acryliair-
interface are corrected by ray tracing method. A schemattecdy path is shown ifrig. 4.2 (a)
for the front high speed camera. The actual bubble size is denaled @sdthe solid red line
shows the forward ray fronthe bubble to the camera after refraction. From the backward
projection, the bubble size will lalr in the image as indicated by the red dashed lines. With the
known refractive indices of water and acrylic, the ray path can be reconstructed tateadlmila
magnification ratio of bubble® = dpro/dorg. Fig. 4.2 (b) shows the variation of the magnification
ratio mwith the bubble location inside the 10 mm thick channel for the front camera. As can be
seen in the figure, theagnification ratio increases linearly with the bubble distance to the front

wall. The averaged magnification ratio of the front camera is around 1.043. For the rest three
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cameras, the magnification ratio is corrected by matching the height of the titbbilee image
taken by the front camera. This should give an accurate result since the bubble height remains the

same when images are taken from different angles at the same elevation.
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Fig. 4.2 (a) lllustraion of bubble size distortion due to light refraction at the wateylic and
air-water interfaces, (b) variation of the magnification ratiwith the wall distance for the front

camera.

4.2.3 Camera Coordinate and Bubble Shape Model

The mapping from the wital coordinate which is fixed on the test channel to the image plane
isillustratedby Fig. 4.3. In this transformation, the first step is to convert an object locatjpia) (
in the world coordinate to,Yei, Zi) in thei'" camera coordinate with known extrinsic parameters
[R t], whereR stands for the rotation matrix ahds the translation matrix. With the calibrated
intrinsic matrixK, the corresponding pixel location,{) of the object can be obtained from the
camera oordinate.More details of camera calibration and parameter descriptions can berfound
Z h a n g 0 B0]. wherokerall transformation from the world coordinate to imaging plane can

be expressed as:

au o Xa
S5y gK[Rt] ya, (4.1)
Al

wheresis a scaling factor to normalize the result vectore @bove equation can be simplified as:
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au o
u= o (X), (4.2)
% 9

whereT represents thi#ansformation matrix from E¢4.1).
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Fig. 4.3 Mapping P pointsfrom world coordinate to the[2pixel locaion oncameramage

plane using pinhole camera model.

In a world coordinate, an arbitrary bublBecan be represented as a set of pointshat

occupied by the bubble:
Vv :{x IR°|x |'B} , 4.3)
and the bubble outline enclosed area on the camera image plane is written as:
M :{u I'Rz‘u $(V)}_ (4.4)
The surface of the bubbis written as:
WV {F(x) e v, (45

whereF is the level set function describing the bubble surface. If a bubble has an ellipsoidal shape,

the surface can be written & quadratic form as:
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F(xy,2)=a,X +a,y B2z + (4.6)
@RxXy+ Ryz+ gxz +Px +py Hz d+

Rearrange it, the matrix form ah ellipoidal bubble is:
X Ax+J'x € 6, (4.7)

where A, J, X are given as:

e, a, a, s 2B g X
A=gan 3, 5y =2l X 5=y (48)
: ] 28 g

@31 a32 a33 H

4.2.4 2D Image Processing

Sample bubble images recorded by the imagygiem are shown iRig. 4.4. From left to
right, the four images are captured by the Hleft; front, frontright and side cameras for the same
bubble. The red line represents tidible outline obtained by th®2mage proessing algathm.
In thisexperimentthe bubbles are injected from a single tube, and the flow rate is relatively small.
Therefore, the bubble overlappirsgue, which could occur at higher void fraction conditiass,
not encountered here. This greasiynplifies the processing off2images and ensures the
accuracy of the extracted bubble outlines from different cameras. The bubble trajectories and
shape oscillations within each camera can be also tracked using the algorithm by processing a
sequence oftonsecutiveframes. As mentioned in sectigh2.1, the camera position and
orientation is calibrated before performing the test. Thus, the corresponding bubble in each camera
can be matched accordingly with this information.
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Fig. 4.4 Sample images of a gas bubble recorded by the imaging system. The red line

represents the bubble outline extracted by the image processing algorithm.

4.3 Bubble Reconstruction Algorithm

The existingBD bubble reconstruction algorithms are summarized briefly in this section. High
speed images recorded at a specific location (or a view angle) is denoted as one view. In some
experiments, mirrors are used to direct different views to the same cameleese cases, one
camera can record two or more views. In the following discussion, each camera is assumed to
record only one view, which is the case in the current study. The general strategy for bubble
reconstructionis summarized irFig. 4.5. Depending on the available views in an experiment,
different techniques can be used to fulfill the reconstruction task. As summarized in the figure,
one can usboundingbox, ellipse fitting and slicing methods for one view bubblemstruction.

With only one view, assumptions must be made for the third dimension of the bubble to calculate
volume and surface area. With two views, more information can be obtained from theamdges
these methods can be used with fewer assumptiéisn, all three coordinates of the bubble
location and three components of the velocity vector can be determined in this case. The
implementation of the bounding box and slicing method is straightforward. For the ellipse fitting
method,bubbleis approximated ly an ellipsoid in ® space. This is obtained by first fitting 2D
images with ellipse functions, and then reconstructing the ellipsoid function from two ellipse
functions corresponding to two views. With three or more views, andatermined sysm will

be formed for these methadBhusthe information from the additional views may not be fully

utilized. The proposed space carving method can be implemented when two or more views are
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available. The method can achieve higher accuracy with theagenf the number of views. The

details of these reconstruction methods are discussed below.

Oneview Two views Three or more
views

Bounding box
|
Slicing

Ellipse fitting
" Ellipsoid
| fitting

Spacing carving
|
Fig. 4.5 Bubble reconstruction algorithm classification based on camera views.

4.3.1 Bounding Box Method

The boundig box method is a widely used method for estimating bubble volume, bubble
diameter, and aspect ratetc.when only one camera view is availaf2@,33,61] This method
finds the minimum rectangular box that contains the bubbigeqtion inside.lf the bubble
projection minor axis aligns with the flow directiohetwidthdw andthe heighty of the bounding
box can be used to represent the major and minor axis of the bubble projection oBtfine
assuming the bubble has an ablahapendthe third axis along the projecting direction is equal
to dw, the bubble volum¥s is calculated af33]:

Vv, = % d2d,,. 4.9)

The bubble volume can also be expressed in terms of the volume equivalent dilaseter
V, = % o, (4.10)

Combining Eq(4.9) and Eq.(4.10), the relationship betweety, d4 anddy, can be derived as:
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d =3dd,. (4.12)
Thebubbleaspect ratio is calculated gss}]:
E= g—v”v. (4.12)
The horizontal width of the bubbtky is also used as a characteristic length of the bubble in some
modeling works. For example, in the derivation of the lift force mhdde modified EGtvos

number is defined based on the horizontal width rather than the volumvaleqtidiametef61].

4.3.2 SlicingMethod

In slicing method, the shape of the projection is utilized in bubble reconstruction, which
provides more information when calculatisgrface area and volume compared to the bounding
box method. This method may hawetteraccuracy if the bubble is not a perfect sphere or ellipsoid
due to surface deformation and bubble rotation. Slicing method is suitable for either one or two
camerag38,48,62,63] The schematic of the implementationstiting method is shown iifrig.

4.6. In the figure, the buile is assumed to move along #direction.
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Fig. 4.6 Bubble shape reconstruction usislicing method with one (top) or two (bottom)
cameras.

If the bubble outline is acquired from one view only, the balshirface is reconstructed in
the following way. First, the bubble projection in tixez plane is divided into a sequence of slices
from zminto Zmax For a slice at the height nf the widthw; in thex directioncan be obtained from
the projectiondirectly. Since the information in thedirectionis unknown, the crossectional
shape at heiglg is assumed to be a circle widiameterof w;. By stacking up thslices from
bottom to top, a B bubble can be reconstructewhen the B bubble is pojected back to the
image plane, the same outline will be obtained as that from the recorded image.

When two views of the same bubble are available, more details can be uncovered during the
reconstruction. In this work, the front and side cameras adefoisthe tweview slicing method.
In this case, both the projection in tk& plane and that in thg-z plane will be available. The
bubble in thex-z plane will be sliced vertical from right to left. At each slice locatipthe bubble
is assumeddthave a similar shape to that acquired from the projection grzpkne. However,
the original side projection has to be downscaled to match the height between the front and side
views. The scaling factor is given by the ratio of the hdigatx, and the maximum heigll of
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the bubble. A B bubble can be reconstructed by piling up the shices left to right. When the
3D bubble is projected back to the image plane, the same outline will be obtained for both the front

and side cameras.

4.3.3 Ellipse Fitting Method
Ellipse or ellipsoid are often used to approximate the shape of bubbles. Due to surface
instability and fluctuation osurroundingdiquid, the bubble shape may not perfectly smooth

even in high Morton number and low turbulent intensibynditions. Using an ellipse fitting

method can remove the noises from the projection and extract important bubble information such
as semiaxes, rotation angle, and aspect ratia, Ellipse fitting of the bubble projection view is

essentiallyan optimzation problem and has been widely studied in the liter§@dr&5].

Front projection Side projection
(@)
=
:‘u—__‘
[¢D]
n
et
m| z

— — — . Fitted ellipse
X y

Fig. 4.7 Bubble shape reconstruction using ellipse fitting method with two cameras.

With two projection views, the ellipse fitting method can be carried out in two steps.
shown inFig. 4.7, 2D ellipse fitting method is first used to fit ellipses for both the front and side

views. The obtained ellipse models are denoted as:
Front view:C, X’ + C,Z +C xz % (4193
Side view:C,y"+ G Z +G yz %

Considenmng an ellipsoid model for thexBbubble surface:
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a, X +a,Y +a,7 23, xy 243,y (4.14)
+2a,,xz 2 x 2Qhy 249z d+0,

these parameters can be related as:

4C,C.- C?
a,=a,———> = a,=.fa,a, Ga,
4CGC,- G

_Ga,+Ga, _Ga,a, +Ga,a,
=== \ 41
== A, = (419
a, = Ca,+ afs'
&,

By assuming the bubble has a minimum rotation angle alongdinection,ai1 can be chosen as
a free parameter for searching the optimized coefficieras.td azz. Then, the bubble shape can

be recovered with thellipse fitting method.

4.3.4 Space Carving Method

The space carving method generates a visual hull of the bubble based on the projection image
from different views. This method is more flexible on the number of views available and does not
require camera®tbe placed at the same level. With more views available, it is expected that the
accuracy would increase accordingly. For bubble shape reconstruction, at least two views of a
bubble are required for the implementation of this method. To obtain aratcshape of a nen

regular shape bubble, three or more views are desired.
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Fig. 4.8 lllustration of space carving method with three cameras.

Fig. 4.8 shows an exantp of how the space carving method is implemented with three
cameras. Toimplement this method, the location and direction of each camera should be calibrated
in advance. Combining the bubble projection and camera position, the bubble mmage c
projeded back into the[3 space. This will define a silhouette cone within which the bubble may

exist. The points inside the silhouette cone can be denoted as:

U ={x IRYT(x) Wm}. (4.16)
In a multiple camera imagingystem each camera will generate a sillette cone. The union of
the 3 point sets can form the point clouds as:

U. =U,NU,.."\Uy (4.17)
whereN is the number of available cameras,. defines the maximum possible volume of the
bubble, or in other words, the actual bubble is a subset of The surface oty. is called visual
hull u¢,. , which is highighted asaredpolygon inFig. 4.8. In general, a bubble will not fill the

entire visual hull due tsurfacetension force, which prevents the forming of sharp corners.
Additional smoothing stepshould beusedto approximate the bubble surface based on the
obtained visual hull.

The implementation details of the current feamera system are illustratedrig. 4.9. The

space carving method starts with images obtafrad the front and side cameras as shown in
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step 1. The number marked on the visual hull represents the camera number which carved the
corresponding surface. A coarse visual hull can be obtained from these two cameras. In step 2
and step 3, additionahmera images from different view angles are added. As can be seen, the
visual hull becomes more and more refined each time when a new camera view is added.

To smoothen the bubble surface, the obtained visual hull is divided into multiple slices along
the z direction. These slices havetagonshape with 8 edges carved by four high speed cameras.
In general, sharp edges do not exist in actual bubbles due to the surface tension force. In step 5, a
splinefitting is performed to connect all the mid poimseach edge to form a smooth outline of
the bubble inside the given polygon. Then, the reconstructed outlines in different slices are piled
up to form a 3D surface of the bubble as shown after step 6. It should dethretttevhen the

reconstructed 3 bubble is projected back to the image plane, same outline as the recorded image
will be obtained for each of the four cameras.

Step 1. two camera Step 2. three camera

Step 3. four camera
carved visual hull carved visual hull

carved visual hul

vy [mm] BEe x [mm] y[mm] 2 2 x[mm] y [mm] 5 5

Step 5. slice
reconstruction

Reconstructed

Step 4. slice
bubble

extraction

z [mm)]
o - N w

Extraction
sequence

2 2

v [mm] X [mm]

3 v [mm] 8 x [mm]
vy [mm] X [mm]

Fig. 4.9 The steps of implementirgpacecarvingmethod with four high speed canas. The

number in step 1 to step 3 represents the visual hull surface carved by the corresponding camera.
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4.4 Benchmark with Synthetic Bubbles

To evaluate the accuracy of different reconstruction algorithms discussed in the previous
section, two differensynthetic bubbles are generated. The shape of these two bubbléstypes
visualized inFig. 4.10. Both types are derived from simple ellipsoidal bubble model. Type A
bubble has an oblate shape with a same-ggiin thex andy directionsj.e,a=b=2 mm. The
shorter semaxiscis 1 mm. This oblate shape is usually used to model bubbles in-tadesd
distorted bubble regini&3,66,67] In a more complicated case, a distorted bubble can be modeled
by the combination of two serspheroidshapswith different short sersaxis ofc+ andc. [34,68]

TypeB bubble used in this study is a more general version of this kind of bubble. In this model,
all three semaxesa, b andc could take different valuder eachhalf partas shown irrig. 4.10 (b).
Further, the bubble can rotate freely along three axes, so the three Euler angles mayzake non
values.

Six testcases are presented in this benchmarking stgpe A bubbles are used for the first
3 test caseandtype B bubbles are used in the next 3 test caBes.slicing method with one
camer a, AFO represents t hesidécamara If @bk risesim n d
an infinite medium with no wall influence, the front or side camera shouldagimilar result.

In this study, the differentiation of front and side cameras is to consider the existence of wall
influence which could agse uncertainties ithhe 1-camerasystem.The first 2 test cases rotate type

A bubble alongc axis only to examine the wall influence ortdmera system. For test cases 3 to

6, the rotation angles are generated randomly. The generated synthetic lanubldseir
corresponding projections on each camera in test case 1 and 4 are visudfized.iil. The
cameras are placed in the same location as the experiment.

The benchmark results with the synthetic bubbles are showabile4.1. It can be seen that
the space carving method has the best overall accuracy for either type A or type B bubbles. Ellipse

fitting method shows a very good accuracy for typeulblesbut has larger uncertgly for type

B bubbles as compared to the space carving method. This may be explained by the fact that the

ellipse fitting method approximates each projection with a regular ellipse function. Therefore, it
may not work very well for type B bubbleshich are not regular ellipsoids. The two camera

slicing method shows good accuracy with type A bubble but has a larger uncertainty for type B
bubbles. For th&-camera slicing method, both the front and side camera show large uncertainties

and unstable preclions for either type of bubbles. If bubble rotation happens only alorng the
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axis as in case 1 and 2, the front camera will Haxger projection area and the reconstructed
bubble will overestimate bubble size. For the side camera, the reconstrubtdd tsolume
decreases accordingly widlmincreaseof rotation angle. This scenario can actually occur when
the wall influence is significant, which will be discussed further in the next section. For type B
bubbles whose seraixes and rotation angleseamore random, the one camera slicing methods

show an error as high as more than 50%.

(@) (b)

Fig. 4.10 Synthetic bubbles, (a) Type A: oblate shape bubble avithb = 2 mmandc=1
mm, (b) Type B: nosregular shap bubble witha+ = 1.5 mma =2.5 mmb: =1.5mm,b.=1

mm,c- =0.5mm,c. =1 mm.
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Fig. 4.11 Examples of synthetic bubbles used for test case 1 and 4, along with their
corresponding projections oaur high speed cameras.
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Table4.1 Test results with synthetic bubbles. Type A bubbles used in easarid Type B
bubbles used in caset4

, , , - .. 1-camera slicing 1-camera slicing
Rotation angle | Space carving | Ellipse fitting | 2-camera kcing
Test (F) (S)

case| _ Vol. Error Vol Error Vol Error Vol Error Vol Error

[mm?] | [%] | [m’] | [%] | [mm®] | (%] | [mmd] | %] | [mmd] | [%]

0 15 0 16.74 -0.07 16.71 -0.25 19.76 0.10 18.35 9.54 15.33 -8.49

0 30 0 16.87 0.68 16.68 -0.46 19.77 0.13 22.15 | 32.17 12.70 | -24.21

-171 9 23 16.76 0.02 16.71 -0.25 19.72 -0.17 17.32 3.38 16.19 -3.40

-100| 67 | -106| 8.15 3.80 8.29 5.56 9.50 -15.22 5.23 -33.43 | 12.58 60.12

151 -2 | 40 8.11 3.29 6.95 | -11.48 | 9.62 3.70 | 1228 | 56.36 | 5.44 | -30.72

| O | W N|

9% | 3 | -73 | 8.34 6.16 726 | -7.55 | 10.22 | 954 | 11.36 | 4465 | 6.64 | -15.42

4.5 Benchmark with Syringe Injection Tests

In experiment the 3D imaging system record831 bubbles. The total volume of these
bubblesis 8845 mni based on the syringe readings. The recoottm algorithmadiscussed in
Section4.3 are used for bubble reconstruction and volume measuresoemgarison For each
individual bubble, at least five consecutive fraraesrecorded in the imaging regiofihe bubble
volume is calculated by averaging the reconstructed bubble volumeemnardedrames.

Table4.2 compares the accuracy of volumeasured by thesdgorithms. It shows that the
space carving method can measure the total bubbleneolith anerror of less than 2%. The
ellipse fitting method overestimates the bubble volume by 10.&88tthe 2-camera slicing
method underestimates the bubble volume by 8.83%. Fordaméra slicing method, the volume
is overestimated by 27% if theoht camera is used, whereas it is underestimated by 25.8% when
the side camera is used. As can be seen, the front and side camera show considerably different

results even with the same reconstruction algorithm.
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Table4.2 Comparison of bubble volume results obtained by five reconstruction algorithms.

_ _ o o 1-camera slicing| 1-camera slicing
Total Space carving | Ellipse fitting | 2-camera slicing
Bubble (F) (S)
volume
] count Volume | Error | Volume | Error | Volume | Error | Volume | Error | Volume | Error
mm
[mm’] | [%] | [mmT | [%] | [mm7 | [%] | [mm’ | [%] | [mm7 | [%]
8845 331 8984 1.57 9784 | 10.62| 8064 | -8.83| 11244 | 27.12| 6561 | -25.82

To further understand the difference in the volume measurement results, the trajectory of a
single bubblever a sequence of frames is reconstructed wgagecarvingmethod as shown in
Fig.4.12(a). The bubble is plotted every three frames, corresponding to a time interval of 12 ms.
As can be seen, the bubblavels in a zigzag way along thealirection. The projections of the
reconstructed bubble on tke plane ang-zplane are compared with the original images recorded
by high speed cameras. These bubble images from different frames are stitched ittgether
single image to visualize the bubble motion. dtwiousrotation along thg axis can be seen in
Fig.4.12 (b). InFig.4.12(c), the bubble rotation along tkexis is observed, and the short semi
axisc tends to align with the moving direction of the bubble. After interaction with the left wall,
the bubble changes its orientation and move along the opposite direction.

The bubble volume measured by differentamstruction methods at different frames are
plotted inFig. 4.13. Among these methods, the space carving, ellipse fatid@-camera slicing
methodsshowrelatively stable results. Thechmera slicing methadsing either the front or side
camera,showslarge oscillations in the measured volume, which means the method is more
sensitive to bubble shape and rotation andls.seen inFig. 4.12, the bubble shape is closz
oblate ellipsoidandits rotation is mainly along theaxis. When the bubble rotates along xhe
axis, the front camera shows an overestimation of bubble vaumahthe side camera shows an

underestimation. The error also depends on the rotatioa.angl
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Fig.4.12(a) Visualization of a bubble in a sequence of frames in the rectangular channel. The
bubble is visualized every three frames.@omparisorof bubble projection on the front camera.
Thebubble high speed images are stitched for compariso@ofmparisorof bubble projection

on the side camera. The bubble high speed images are stitched for comparison.
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Fig. 4.13 Measurement of one gas loi volume in a sequence of images with different

bubble reconstruction algorithms.
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To betteraccesghe accuracy of different methods in volume measurement, the variation in
measuring the same bubble in different frames is quantified using the relatindard deviation
defined as:

G, = e (4.18)
wheres,, pare the standard deviation and mean volume ofi'theubble calculated from a
sequence dframes. The results are shown Fig. 4.14. The histogram of the relative standard
deviation is obtained using all 33iubbles. The -tamera slicing method with front and side
cameras have the averagedof 0.20 and 0.27 respectively. Both show a n&ratteredc,
distribution compared with other methoddhe slicing and ellipse fitting method with two cameras
aremorestable in measuring bubble volume with averagesf 0.17 and 0.16, respectivelffhe
space carving method shows a narrower distribution with an avetagé@.13. This indicates
that the bubble rotation and shape changes have less influence ofuthe measurement using

the space carving method.
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4.6 Wall Influence on Bubble Rotation Angle and Aspect Ratio

With the development of thelBimaging system and space carving method, bubble rotation
angle and aspect ratio canrbeasured accurately. The detaildobblerotation angle and aspect
ratio data measurete presented in this sectioAs mentioned in the experiment setup, the bubble
injection is located at the center of the rectangular cross section. This seligamesmaximum
probability of bubble appearing near the center location. Moving to four walls, the probability of
bubble presence decreas&4y. 4.15 shows the occurrence frequency of bubble location ix-the
y plane. The ditribution confirms the experiment setup of injecting bubbles atghterof the

Cross section.

200

100

Count

y [mm]

Fig. 4.15 The distribution of bubble count in tkxey plane.

To study bubble rotatigrthe bubble surfaceeconstructed by the space carving metisod

fitted with an ellipsoid function.The unit vector alonghe short semaxis ri, obtained from the

fitted ellipsoid is projected in theandy directions for bubble rotation studyn Fig. 4.16 (a), the

sketch shows an example with bubble rotates along thes only. The magnitude of th&
projection on the axis can be calculated as:

ncy =

i 8, (4.19)
where g, is the unit vector along the axis. The bubble rotation along theaxis is epresented

by ney. A largerrotation angle along theaxis will resultin a largemcy value. The bubble rotation
along they axisncx is defined in a similar way as:
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n. =[f. @), (4.20)
whereg_ is a unitvector along thex axis. The magnitude ofix is used to identify the bubble
rotation along the axis. Fig. 4.16 (b) shows an example afrotatedbubble withri_ projected

both tox andy axis.

8]

(b)

(a)

Fig. 4.16 Projection of the unit vector along tbortsemiaxis i, in thex andy direction

with (a) bubble rotation along theaxisonly and (b) bubble rotation in a random direction.

The magnitudecx in thex directionand the magnitudey in they direction are shown iRig.
4.17 (a) and (b), respectively. The results are averaged over all the bubbles that appeared in the
corresponding regionComparingFig. 4.17 (a) andFig. 4.17 (b), the resultshowthat bubbles
have more significant rotation along tkeaxis than along thg axiswith a largemcyvalue With
the narrow gap, the bubbles have a higher frequency colliding with the front and back walls. This
forces bubbles to rotate along thaxis, whid is parallel to the front and back walls. The side
wall influencein this cases limited because the distanceleft and right walls are 30 mm apart,
which is much larger than the 10 mm gap alongyt@ection. Theséactorsexplainthatncy is

geneally smallercompared tawy in the entire test section.
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Fig. 4.17 The crosssection distribution of (&the magnitudercx alongthe x directionand (b)

the magnitudecy alongthey direction

The aspetcratio distribution along the andy axesare shown inFig. 4.18. The results
obtained from the space carving method are considered as the baseline values sincéetfgey are
influencedby bubble rotation. Each data point regents the linaveraged aspect ratio along the
y direction forFig. 4.18 (a), and that along thedirection forFig. 4.18 (b). The results obtained
usingonly thefront and side camesare also showm the figure. In this case, the aspect ratio is
calculated using the ratio of the short to the long sseas of the fitted ellipse. With the existence
of bubble rotation, the singleamera results show a higher aspect ratio compared with the spacing
caving method. The aspect ratio obtained from the front camgraaserthan that from the side
camera. This can be explained by treaterrotation angle along the axis compared to the
rotation along thg axis

As shown inFig. 4.18 (a), the aspect ratio does not show a significant variation ix the
directionfor each method Thus, the effect of two side walls is minimalthe bubble shapeAs
seen inFig. 4.18 (b), the aspect ratio shows aostg dependence on the wall distamtehey
direction In the near wall region, a bubble will collide with the wall due to its finite size. This
mechanism will squeeze the oblate shape bubble and make the bubble more spherical. This
turn, increass the aspect ratio in the near wall region. Aftex collision, the bubble moves
towards the center region and the bubble shape changes back to oblate. Hence, the aspect ratio
decreases dsubblemoves away from the wall. The wall effect on bubble espaio change

shows asimilartrend as reported in thpreviousstudy by Hosokawa and Tomiyarf&®].
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Fig. 4.18 Comparison of aspect ratio distribution obtained from the front camera, side camera

and space carving rtied along the (aj-axis and (by-axis.

In the literature, several studig5,67,70]have shown that the bubble aspect ratio is closely
rel ated t o t hbe wihchisdefinedas:u mber
Eo:Dr—ngz, (4.22)
s
whered,, Dr , g, and(ll represent the volume equivalent diameter,-phase density difference,
gravitational acceleratioand surface tension, respectively. Wellekal (1966) proposed the

following correlation for aspect ratie:

1
E= _ 4.22
1+0.16E" "™ (423
The correlation proposed by Okaeial (2003) is given as:
1
E= - 4.23
1+1.97E0"® (423

Egs. (4.22) and (4.23) are usually used as the upper and lower boundary for bubble aspect ratio
estimation. Besagni and Inzoli (Z®)1used the data measuredaibubble columrwith alarge
annular gap and obtained the following correlation:

E- 1
1+ 0.55F > %¢ "

The predicted aspect ratio fallsletween the valsgivenby Wellek and Okawa. These three

(4.24)

correlations are all based on the experimental data measured by a single camera system. A

comparison of aspecttra measured in this study using the space carving method with these
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correlations is given ifrig. 4.19. The blue dots in the figure represent all the measurements for
every bubble across all the recorded frames. The figuressttat/ most of the data points fall

within the boundaries given by Wellek and Okawa. The scatteeed)les crossesandsquares

are the averaged aspect ratio results ftoefront camera only, side camera only and space carving
method respectively The front camera results show a higher aspect ratio compared to the Besagni
correlation since it did not record the bubble rotation along tiz@és. By using the side camera

alone, the imaging condition is similar to ttage annular bubble column usedi Besagni 0s
experiment. The aspect ratio results obtained using the side camera gbomngoodagreement

with theB e s a garreldiian. However, the aspect ratio from either the front or the side camera

is overestimateddue totherotationin both the x andy direction. The redquaresre the aspect

ratio results obtained from the space carving method. It can be seen that the actual bubble aspect
ratio should be smaller than the aspect ratio measured by acangé¥a system.

T T T T T
Maximum aspect ratio E=1

..............
: LT T - P

Aspect ratio E = ¢/a

Front camera (averaged)
X Side camera (averaged)
o Space carving (averaged)
—Wellek et al. (1966)
Besagni and Inzoli (2016)
—=--Okawa et al. (2003)
I I

lower
boundary

1.2 1.4 1.6 1.8 2 2.2

Fig. 4.19 Comparisonof bubble aspect ratio coretibns with experimentdata. Blue dots
represent data obtained by the space carving method for bubbles captured in all Tiaenesd
squares are averaged data from spaceirng method. The cyan triangles and magenta crosses

represent the averaged data from the front and side camera, respectively.
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4.7 Summary

In this chapter different methods to reconstrud ®ubble shape, and measure bubble volume
and surface area based optical images are compared. When only one high speed camera or
view angle is available, the bounding box can be used which extracts the width and height of the
bubble projection. The-&amera slicing method can estimate the bubble volume by assuming a
circular cross section at every slice perpendicular to the image plane. Ellipse/ellipsoid fitting and
2-camera slicing method can be used to reconstruct the bubble if two views are available. The
space carving method is proposed when more than two vaesavailable for bubble
reconstruction.

A 3D imaging system employing four high speed cameras is used to record images of bubbles
in a 3 cm x1 cm rectangular channel. A total of 331 bubbles, each being recorded in at least 5
frames are obtained in thest. The images are th@nocessed using the differenb ubble
reconstruction methods. The space carving method shows the best agreement (less than 2% error)
with the volume measured Isyringe It also shows the smallest variance in measuringaime s
bubble in a sequence of frames. Theathera baseghethod including ellipse fitting and slicing
can reach an accuracy of about 18f@r. However, the ‘camera slicing method has a volume
measurement errgreaterthan 25%. The benchmarking studytwsyntheticbubblesshows a
similar trend as the experimental data.

Though four cameras are used in this study, the space carving method describeldapttre
is very generic and can be adapted to a system with even more cameras. With theadhcrease
cameras, measurement accuracy is expected to be improved. However, the cost of the system also
increases, so do the complexities in camera installation, calibration, and image storage and
processing. In many applications, an imaging system with onlypohgo cameras is probably
the only available optionThis studyshows thasimpleimaging system may achieve a reasonable
result in certain conditions. In general, theanerasystem can be used to acqui@ Bubble
information with an error of abo@0% compared with adamera system. When image resolution
is low, the ellipse fitting algorithm can dogoodjob for bubble shape estimation compared to
space carving method, which requires more accurate bubble projection shape and camera position
bencimark. Forl-camerasystem, the uncertainty is mainly from the bubble rotation and

deformation caused by the wall influence and turbulence. In high Morton number and low
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turbulence intensity conditions, thecamera system can yield reasonable resulteshre bubble

deformation is less significant.
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5 Bubble Generative Adversarial Networks (BubGAN)

5.1 Introduction

Dense object detting and counting is a common but tioensuming and challenging task
In bubble column or nuclear reactor applications, accurate separation and reconstruction of bubble
shape have equal importance to the number counting, since bubble shape contitantmp
geometrical information for the study of mass, momentum and energy transport in these systems
[71,72] The demand for bubble shape acquisition introduces additional challenges for algorithm
development and benchmarking in this field.

Along with the image processing algorithms proposed in this thgieer, many existed works
has also been dori&6,27,7476,29 31,33,37,38,46,73fo deal with complicatedubbly flow
conditionswith high void fraction, severe bubble deformation and overlapping, etc. These
algorithms can reduce the cost of processing bubbly flow images considerably and provide detailed
information about bubble size distribution, shape, volume, etc. One issue in developing these
algorithms is the way to benchmark the accuracy of these algoritGonsently, the benchmark
strategies can be divided into two categories. The first one is to compare the algorithm with
different measurement techniques, which include conductivity g&Bé], x-ray[12], or global
gas and liquid flow meters. The benchmark with global instruments provides an overall error
estimation without local uncertainty information. The comparison with conductivity probe or x
ray method can be made for timer line-averaged parameter The other issue in this
benchmarking strategy is that these measurement methods maw darge uncertainty anday
not be used to assess image processing algorjéjms

The second strategy is to use synthetic images as the benchmarkif@y@8h With the
automation ofimage synthesizing process, the casid time for the benchmarking of image
processing algorithm can be reduced. The primary error source for this method comes from the
gap between the real bubbly flow images and the synthetic Guegent algorithms for synthetic
images are mostly limitetb generating simple bubble shapes such as spherical or elliptical
bubbles. These physical models usually assume the bubble edge intensity follows a concentric
circular/elliptical arrangements (CCA)/8,79] With given bubble size and distribution
information, synthetic bubbly flow images can be generated for benchmarking purpose. However,

these algorithms are not capalde modeling fine structures of bubble shapes and intensity
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variations. Synthetic bubbles of different size can have a similar intensity distribution. Therefore,
image processing algorithms benchmarked with these synthetic images cajuitadédferent
performance in processing real bubbly flow images.

Conventional image processing algorithms are mostly based on certain features of bubble
images such as curvature, intensity gradient, and topology information. The feature design and
selection requirehie expertise in the related field to achieve an optimized performance. The deep
learning algorithms such as convolutional neural networks (CNN), which do not require the input
of extracted features from images, can be an alternative solution for buteaici¢79,80] The
CNN can pocess bubbly flow image in their raw form without4precessing for number density
detection. For those supervised deep learning algorithms, labeled images are required for
algorithm training. Presently, the researches in using deep learning algdoithbubbly
recognition and separation in the chemical and nuclear engineering fields are limited. One of the
bottlenecks is the lack of a large amount of higfality labeled data for algorithm training. In
other fields, using synthetic data becomegadifor training deep networks to reduce the manual
labeling cost and to improve the efficiency. However, this can be effective only if we can generate
synthetic data which is close to the real w¢8i].

To bridge the gap between real bublbdyv images and synthetic onesnew approach called
bubble generative adversarial networks (BubGA#proposed in this chaptéor generating
realistic bubbly flow images. Conventional GANyatithms can generate realistic imadpes
theyhave no label information of teebubbles. In addition, the resolution of the generated images
with GAN is relatively low compared to the recorded higholution images from high speed
cameras. Toovercan t hese shortcomings, the proposed B
and congquer strategyo to achieve high resolu
combines the conventional image processing algoriffdng8] and the generative adversarial
networkg82,83]for realistic bubble synthesis. In the algorithm, the GAN will be only responsible
for single bubble generation rather than generating the bubbly flow images directly. The image
processing algatim is responsible for GAN training data preparation and bubble assembling for
bubbly flow image synthesis. With given bubbly flow boundary conditions, the synthetic bubbly
flow images carbe generatethy assembling single synthetic bubbles on an imag&doaund
canvas. In these images, bubble location, edge boundary, rotation, etc., of all bubbles will be

labeled for either existing algorithm benchmarking or development of new algorithms.
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This chapter will first introducéhe methodologies used in tBetbGAN are introduced A
million-bubble databasés generatedfor bubbly flow image synthesis with the BubGAN
algorithm. Then,both qualitative and quantitative studies of the BubGaf¢ presented in this
chapter to demonstrate its applications

5.2 Methodology

This section presents the methodol ogies use:
bubbly flAshowAg®ls. t he BubGAN algorithm consi
The first stepgporsedpepgbcenmagetshe orextract sin
second step trains a conditional GAN to gener
data acquired from the previous step. Thi s
netr kb C(GANs condntfoonedsel ected bubble feature
in bubblyTheeawabstesdyhe usspeercsiufbilod ¢ ewierlat @i awen
or different fl ow conditi onshubDbToe rdead-uacbea steh
generatetdhbasedi aed ocNndi tgiioreanl bG@AM.l e si ze di
related physical i nformati on, synt hedbbubbbebbl
dat ab &dxe aasrstttonbgl eendetrhaettei csypub bl y fl ow i mages.

fl ow i mage genehatpen/igiatmabl abméyatu/ BubGAN

In these steps, two primary techniques, namely, image processing and con@ifidhale
usedin the BubGAN algorithm. As shown inFig. 5.1, the processes associated with image
processing techniquese shownn red, and those with conditional GAN in purple. The blocks
marked in blue represent the physicébrmation required for bubbly flow image generation, and
the yellow blocks represent the data used in the BubGAN.
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Fig. 5.1 The pipeline of the BubGAN algorithm. The thmne@jor stepsconsistof bubble
training data extraction, millicbubble database generation with conditie®N and bubbly
flow image synthesis with givephydcal information. The legendsepresent therimary

techniques and information used in BubGAN.

5.2.1 ImageProcessingrechnique

Various image processing tasks have been performed throughout the BubGAN workflow. To
train the GAN algorithm, a sufficient amount of real bubble samples should be prepared. The
bubbly flow images were first segmented into small image patches which eitih@ncosingle
bubble or a number of bubbles which are connected together. For each image patch, three different
algorithms, namely, watershed segmentation, bubble skelattadaptive threshold methods are
used to determine whether this patch contaimg @single bubble. The detailed procedures with
sample intermediate results are showRim 5.2. Eachalgorithmwill give a prediction of bubble
number in the patch as denoted\asN2, N3, respectively. Then the combineamberprediction
N is assigned as the modal vahNg N> andNs. Once a patch is identified as a single bubble, it
will proceed tovisual checking stefor resultsconfirmation. In this study, 10008ingle bubble
image patches are extracted from the yblbw images. The used bubbly flow images are from
the port 1 in run 1 as described in Chapter 3.
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Fig. 5.2 The flowchart of identifying single bubble and bubble cluster patches. The process

involves waérshed segmentation, bubble skeleton and adaptive threshold methods for bubble
number prediction in an image patch. Visual checking will be applied before a patch is finally
classified as a single bubble. The figure also includes a sample image patthisvatassified

as a bubble cluster.

After classification, all single bubble patches are further processed and normalized to serve as
the training data for GANThese steps are summarized graphicallyign5.3. An example ba
separatethubbly flow image is shown iRig. 5.3 (a). The bubble cluster and single bubble patches
are separatelly the aforementioned algorithms. Those single bubbles are cropped by a square
window for further processingThis will ensure that the aspect ratio of the bubble is preserved in
the following normalization process. In these patcbésgr bubble fragmentsay appear as
shown inFig. 5.3 (b). To remove these fragments, the grayscaléleumage is converted to a
binary image as shown kig. 5.3 (c). The fragment can be identified using the binary inzagke
it is removed by filling the region with the background. The bubble mask and single bubble image
afternoise removal are shown kig. 5.3 (d) andFig. 5.3 (e), respectively. Each separated single
bubble patch is then normalized and rescaled to a size of 64 x 64 pixels for the GAN training in
the next stp.

In addition to training data preparation, image processing algorithm is also used in a later step
for bubble feature extraction and bubbly flow image assembliing. details of the image

processing techniqueavebeen described in Chapter 2.
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Fig. 5.3 Procedures ofeparating single bubble images using the bubbly flow image
processing algorithm (@geparatehe single bubbles and bubble clusters ftberecorded bubbly
flow images, (b) extract square si@dpubble patch from image, (c) binarization of the grayscale

bubble image,d) remove noise angartially cropped bubble (e) normalized single bubble image.

5.2.2 BubbleFeature Etraction

Four parameters related to bubble geometry and topology are of pimeagst in this study.
These parameters are selected such that they can characterize typical bubbles during their transport
processes in engineering applications. These parameters often appear in the engineering models
or correlations. In addition, tiievill be used as one metric to assess the quality of the synthetic
bubble images in a later section.

The first parameter is the bubble aspect fatiorhich is defined as:

=0 (5.1)
a

wherea andb are the semmajor and semminor axes of the ellipse fitted on the bubble. The
second parameter is the rotation anglevhich isdefined as the angle from the positivaxis to
the semimajor axis in an antlockwise direction. The third parametér is called the circularity

of the bubble, which is calculated as:

82



_4pA
=
whereA represents the bubble projection aaedP stands for the perimeter of the bubble. If the

Y

(5.2)

bubble is close to a circlé! will be close to 1. If the bubble is elongated or has an irregular

shape,Y decreases towards 0. The fourth parameter, edgenmaisodefined as the dark edge
areaAedgeOVver the bubble projection aréaas:
m= Ab—:\ge (5.3)

This parameter can be used to represent bubble appearance. The darker edge corresponding to
moretotal refection, which can be caused by stretching bubble along the camera axis. In this case,
themwill have a large value. If the bubble is stretched in the two directions perpendicular to the
camera axis, there will be less total reflection area anchthidl be close to 0. Besides, the setup
of the backlit illumination and bubble surface distortion can also be factors which\adiieeof
m.

A summary of these parametarglisted n Table5.1. The range and unit of these paedens
are given in the table. It should be noticed that the ranges in the table give the minimum/maximum
possible values for reference. In real bubble images, the parameters may not reach the extreme
value.

Tableb5.1 Description of extracted bubble feature parameters.

Bubble parameter Definition Range Unit

Aspect ratio E E =b/a (0,1] -

. : Rotation of the fitted
Rotation angle / -/ 2, " Rad
ellipse on the bubble image

Circularity 'Y Y =4pA/P? (0,1] -

Edge ratiom M= Ayl A (0,1] -
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5.2.3 GenerativeAdversarialNetworks

The generative adversarial networl82,83] is used forthe generation of realistic single
bubble images in this work. The GAN consists of two differantral networks, namely, the
generative network defined by a functi@rand the discriminator network defined by a function
D. The discriminator functio®(x) takes an input ok, which represents the images used for
training or testing. In this study,consists of 10000 training bubble patches extracted from the
high speed images taken in bubbly flow condition. The discriminator netdodoes the
classification job for identifying the real bubbles and the synthetic bubbles generated by the
generative atworkG. The generative network would generate images using fur@(@nwhere

zis the latent vector sampled from a prior normal distribution. The tqﬁ’ﬁs&nd q(G) are the
parameters used in functidandG. With the crosentropy cost definitionthe discriminator

cost function is defined as:

1
D D —
L )(q( ), Ef)) = —2]Ex_px IogD(x) = Iog( D(G )) (5.4)
The cost function ofhe generator can be directly calculated as:
L® = 1(®) (5.5)

in a zeresum game To reach the Nash equilibrium of the game, one should optimize the

parameters with the minimax of:

arg ml)n max(® (q(D) ff)) (5.6)

po)
In this work, the deep convolutional generative adversarial nef\88tks adapted for bubble

image generation due to its improved quality and sharpness in image generation. To have better

control of the generated bubble images, both the generative and discriminator networks are

conditioned on the bubble features foirtnag. The detailed structure of the proposed conditional

GAN is illustrated inFig. 5.4. As shown in the figure, the input of a generative network consists

of a bubble feature vectdei R* and a random latent noise vectdr R'®. The bibble feature

vectork contains four bubble parameters as summarizéclme5.1:
=z(X) $E j . (57)
where z(x) represents the feature extractor function based on the image processing algorithm.

After convolution, the feature vector is projected to 512 dimensions and concatenated in depth

to both the Generative netwotkand the discriminator netwoi®. With the feedback given by
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the discriminatarthegeneratolG can finally learn to generate the realistic bubble images with its
feature given by the feature vector The output bubble inge fromG has a dimension of 64 x
64 x 3.

In the training process, the conditional GAN should be able to achieve two objectives. For
the generato, it should be able to generate bubbles with features defined by input feature vector
k. For the discrimiator D, it should be able to identify whether the feature vektoatches the
input bubble along with identifying the authenticity of the bubble image. To reinforce the
connection between a bubble and its feature vector, three types of false pairsigireddfor
training the discriminatdd. The first is using a fake imagE with its corresponding input feature

vectork,. The second pair is tliake imageE paired with an incorrect bubble feature vedtor

The third pair is a real bubble imaggaired with an incorrect bubble feature vectgr, which is

used for the synthetic image generating. Then the loss function for the discriminator can be

updated as:

o_- 1 1p el = 1 4 E
L 2]Ex_pxy 2]Eﬂ&g?’log(l i) 3Ie&g(l i 3Iog(l v, E, (5.8)

where ¥ =D(xk),y, ED( x k)Ey $Exk), and y=D(x k) represents the score given by the
discriminator with the input of real imagelong with its feature vectdi. The déails of training
the networks are shown Algorithm 1.

With the trained GAN conditioned on bubble features, a million bubbles are generated to
create a database for bubbly flow image synthesis. These generated bubbles are preprocessed to
get their compaion feature vectok. The bubble feature information is associated with each
bubble, which will allow a quick search of the desired bubble image given a feature vector input.
This database will improve the efficiency of generating synthetic bubbly ifleages to be

discussed in the coming steps.
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Fig. 5.4 The structure oproposedyenerative adversarial networks(GAN) conditioned on the

bubble features.
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Algorithm 1
for the number of traini ng epochsdo

for the number of minibatchs do

k =z (X) Extract matching bubble feature vectors from minibatch images
K,, k;Draw random bubble feature vectors from the training images

= G( Z Ig) Generate fake images with the Generator networks

y= D(x, kl) Calculate a score for real imagavith matching feature vectors

¥ = D(X.EZ), Y ED( X &)Ex =E€X Ig) Generate fake inputs for the

discriminator

L A

L(D):_]-E E]E e}| 1 & _1| 1 -—1I 1 E
6. Minimize > x=p. Y > Z~p18309( ﬁ) 3@91( yz& 3021' y3)
7. Maximize L :%EM (1 -D(%k,)) or equivalently minimize - %EM (D(%k,))
in practice
endfor
endfor

5.2.4 Physicalinformation andseometricaRestriction

With given physical information, suchs, bubble size md number density distribution,
synthetic bubbly flow images can bssembledising the millionbubble database. In addition,
geometricalrestriction should be applied on bubbles to prevent them going outside the
physical boundary. The flowchart génerating upward bubbly flow images are showRim
5.5. In this process, the flow region and imaging area should be given as a prior. Bubble size
distribution and void fraction distribution in the lateral direction togetle¢ermine the averaged
bubbleoccurrencdrequency and size in the images. Wt information a bubble list can be
created with known senaixes &, b), location §, y, ), and aspect ratig, etc. Based on this list,
the million-bubble database wilbe searched to select the bubbles with matching parameters.
Finally, these bubbles will be painted onto the image canvas according to their center locations

(x, ¥, 2. Since the milliorbubble database has a standard image size 64Gdixek, the bubld
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image should be rescaled to the desired size specified by the bubble list for painting. As shown in
Fig. 5.5 (d), when painting the bubble onto the image canvas, the flow boundary restriction should
be enforced. In another whrany part of a bubble should not exceed the physical bouobidgy

flow channel. The numbered bubbledHig. 5.5 (d) are three typical scenarios when a bubble is
partially outside the imaging area, where the left and righhtary lines also coincide with the
physical boundary of the vertical flow channel. The first bubble will be shifted left to make sure
the entire bubble is inside the physical boundary. For the second bubble, the lower part is partially
outside the imagiboundary. However, the bubble is still within the physical boundary of the flow
channel. Therefore, this part will just be cropped in painting. For the third bubble on-tb top
corner, it will be shifted to the left firsthenthe upper part wilbe cropped to meet the geometrical

restriction requirement.

(a) Bubble distribution (b) Generate bubble list (d) Geometrical restriction
Outlet
N Semiaxis | Location Asp_e ct .
0. ratio | é
A a (a, b) %Yy, 2 E %
\Void S e
fraction M‘ 1 Synthetic | = (@
2 Data sampled from given bubble  pybble = @
f w X é distribution patch -
A Bubble N
size — Image |H
— canvas |
%o et | @ @ R
A Image resolution boundary o boundary
ﬁ :Depth of field influence (c) Search million @ e
mageszg bubble database for w
matched bubble H
template Inlet

Fig. 5.5 Flowchart of generating synthetic bubbly flow images with the mibabble
database. Additional physical information such as busiake and location distribution is given
as priors.Geometricalrestriction is applied to prevent bubbles from going outside the physical

boundary oflow channel.
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5.3 Results and discussions

5.3.1 QuantitativelyAssessment of BUbGAN

It becomes feasible to generaalistic bubbly flow images using the proposed BubGAN
algorithm. To assess the diversity of the milllawbble database, two sets of synthetic bubbles
sampled from the database are showRig 5.6. The first image collectioshows bubbles with
various aspect ratios and rotation angles. The second image collection shows bubbles with various
edge ratioand circularities. It is seen that the millibnbble database contains bubbles with a
large variance in bubble featuresheTabundant bubble shapes and appearances should be able to
synthesize bubbles appeared in most bubbly flow conditions.

As discussed ifections.2, the GAN is conditioned on bubble features. The gene&{iok)
can generate synthetic bubbles accordimghe given feature vectde To check whether the
generatolG can reproduce correct bubble images, three tests are carried out with different feature

vectors. The results are shownFhig. 5.7. In the first test, bubble rotah angle is fixed at

J cona = 0-931in the input vectok. Then a total of 64 bubbles are generated using the trained

generatoiG. Amongthese generated bubbléhe averaged rotation anglefis,, = 0.52 with a

relative error of 2.38%. The second and the third histograms bhbbleaspect ratio and edge
ratio distribution with given feature input &cond = 0.61 andmcond = 0.78, respectively. The
results show a relativerrorof less than 2% in both cases.

The abwe tests use statistical data to access the quality of the BUubGAN, which is conditioned
on bubble features. An exhaustive evaluation of the BubGAN performance on generating bubbles
is shown inFig. 5.8. In the evaluation, synttie bubbles are generated by varying a specific

parameteata time For examplekig. 5.8 (a) shows an example of generating bubbles by varying

rotation angle/ ., from negative to positive, which is showalong thex axis. They axis

represents the resylt,,, obtained from thegenerated bubbles. Each data point in the figure

represents the value averaged over 100 sample images. Timeearegquare error (RMSE}S
calculated usin@ll 10 data points for each parameter to assess the overall performance of the
BubGAN. For all four feature parameters, the RMSEss than 2.5%. This indicates that the
generatolG is capable of reproducing desired bubbles over a wide range of cosditi
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Fig. 5.8 Statistical evaluation of the conditioned GAN on generating the bubbles on given
bubble parameters of (a) rotation angle, (b) aspect ratio, (c) edge ratio and (d) circularity. The
rootmeansquareerror calculated tm ten data points in each plot. Each data points are the
averaged value calculated from 100 generated bubble samples with a given fixed bubble feature

value.

It should be noticed that the input bubble feature vdcsbiould be sampled from the training
dataset. This is because the conditicBAIN learns bubble features in the manifold of bubble
feature space defined by the training dataset. A random combination of four bubble feature
components can result imphysical feature vectds, which will dowrgrade the image quality
The correlations among different feature parameters of the training dataset are shigyvi.@n
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As shown in the figure, different parameters have a certain degree of corrgldtionther
parameters.Therefore, the bubble featuvectork has a degree of freedom less than 4. In the
generation of synthetic bubbles, the four feature components cannot be specified randomly without
considering the potential correlations among them. To augment theefeatator space,
interpolation of two feature vectors can be used to/addtionof bubble shapes and appearances.
This method has begoven towork well in deep representation mixifgg4] and text to image
synthesig85]. In this work, a new bubble feature veclors interpolated by combining two
existing feature vector& andkj) randomly samplettom the training dataset as:

k=bk {1 L)lg (5.9
wherg can be a value from 0 to 1. With this interpolation, the newly generated bubbles show
good quality and the feature vectors can match the input. An example is shienynbid 0 with
five spider plots by varying from 0 to 1 The blue lines in the figure represent the interpolated
input feature vector, and the red dashed lines represent the actual values of generated bubbles. The
results show a very good match between these two, which indicates that the trained génerator
can generate bubbles with an arbitrary feature vector within the convex hull formedrayning

dataset
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Fig. 5.9 A matrix plot of the correlations betwedour bubble features acquired from the

training data.
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Fig. 5.10 Example of interpolatig two bubble feature vectoksandk; to generate bubbles
outside the training dataset manifold. The five examples show the generated bubbles using the
feature vedar of (1)k;, (2) 0.%+0.3;, (3) 0.5%+0.5¢, (4) 0.%+0.7; and (5)k;.
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5.3.2 Bubbly Flow Synthesis

To demonstrate the performanaethe proposed BubGAN visual comparison of real and
synthetic images are shownhiyg. 5.11 for typical bubbly flows The real imageaptured byigh
speed camers shown inFig. 5.11 (a). Fig. 5.11 (b) and (c) showsynthetic images generated
using theconventionalCCA method and BubGAN, respectly. It can be seen thtte synthetic
image generatetly the CCA method, as shown in Fig. 12 (bhowsa noticeabledifference
compared to the real imagd@ll the bubblesn the figuresharea similar appearancandtheydo
not presentshape and surfacdistortiors as appeared ithe real image. The synthetic image
generated by the BubGAN, as showrFig. 5.11 (c), shows a significant improvement in both
shapevariationsand visual appearangeln the followingmoreexample are giverby generating

bubbly flow images in differerftow channels

(a) (b) (c)

Fig.5.11 Comparison of (a) the real bubbly flow images with the synthetic bubbly flow images
generated based on (b) CCA model andi{e)BubGAN algorithm.

5.3.2.1 30 mmx 10 mm Rectangular Channel

For the rectangular channel with a cross section of 30 mm x 10 mm, air and water are injected
uniformly at the inlet with théwvo-phasanjector. Four test conditions are shownkig. 5.12. all
with a superficial gas velocity fixed gt= 0.1 m/s. The superficial liquid velocity for Ruslare
jf=0.5m/s, 1.0 m/s, 1.28 m/s and 2.12 m/s, respectively. High speed enage®rded at 1000
frames per second with as@ution of around 25 pixels per mm. The gas phase void fraction
decreases with superficial liquid velocifyas jg is a constant, whereas turbulence intensity
increases with the increase jof Under these varying void fraction and turbulence condition

bubble size and number dengigcreasérom Run 1 to Run 4. As can be seekig. 5.12, images
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