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FOREWORD

The main aim of this thesis is to enable the viscosity measurement using the
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INVESTIGATION OF MICROSTRUCTURE
MOVEMENT UNDER FLOW BY USING
IMAGE PROCESSING AND DEEP LEARNING

SUMMARY

In many industrial and biological applications, the viscosity of chemical and biological
fluids is a crucial material property that needs to be precisely measured A variety of
techniques has been developed to measure viscosity.

The micropillar-based microfluidic viscometer method uses viscosity and flow-
induced micropillar displacement. Before making general viscosity measurements,
calibration curves (viscosity vs. micropillar tip displacement) are created using
solutions with known viscosities. Filming experiments with glycerol/water solutions
with viscosities ranging from 2 to 100 cP at fixed flow (shear) rates are done to achieve
this. The experiment is then repeated using a fluid sample whose viscosity is
determined. In captured experiment videos with the sample fluid, the displacement of
pillars is measured for this purpose using ImageJ, an image processing program. The
measured displacements are then mapped to the calibration curves to determine the
sample fluid's viscosity. Results obtained using this method are precise. The
disadvantage is that using ImagelJ to calculate displacement takes time and requires
manual work. Therefore, in this study, we used two distinct image processing
algorithms that yield results much more quickly. These are Lucas-Kanade (KLT), and
Hough Circle, which are used in classical video processing, and the FlowNet2 neural
network model.

The KLT algorithm is a popular differential technique for estimating optical flow. We
tracked the four corners of the pillar tip using the KLT to determine the displacement
of the pillars. The final displacement data was then determined by averaging these four
corner displacements. Contrarily, the convolutional neural network (CNN) Flownet2
is employed in deep learning to interpret visual images. Huge displacement control
and precise estimation of minute details in the optical flow field are two features of
FlowNet2. We made use of the pre-trained FlowNet2 model on the THINGS dataset.
We used the first frame of the video as the model's first entry and the frames that came
after that as its second entry to find out about displacement.

We used ImageJ) data as a reference to determine the methods' accuracy when
determining the accuracy of the suggested methods for 10 videos. Regarding ImageJ,
KLT, Hough Circle and FlowNet2 provided an average accuracy of 95.45%, 91.47%,
and 95.62%, respectively. We saved a lot of time by using these techniques because
we didn't need human assistance. With KLT, we were able to generate viscosity results
158 times faster with respect to ImageJ, with Hough Circle 396 times faster and with
FlowNet2 10 times faster.
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AKIS ALTINDAKI MiKROYAPI
DEFORMASYONUNUN GORUNTU iSLEME VE
DERIN OGRENME KULLANILARAK iNCELENMESI

OZET

Kimyasal ve biyolojik sivilarin viskozitesi 6nemli bir malzeme 0Ozelligidir.
Polimerlerin, yaglarin, boyalarin, gidalarin, ilaglarin ve diger malzemelerin
viskozitesi, bir¢ok endiistriyel islemde tiretim verimliligini arttirmak i¢in dogru bir
sekilde oOlciilmelidir. Bu nedenle, diisiik numune hacimleri kullanarak viskoziteyi
6lemek i¢in kolay, hizli ve diigiilk maliyetli yontemlerin gelistirilmesi, endiistriyel ve
tibbi alanda bliyiik 6nem tasimaktadir. Geleneksel viskozimetreler normalde ikiye
ayrilir: yani, doner ve kilcal viskozimetreler, endiistriyel ve biyolojik uygulamalarda
yaygin olarak kullanilmaktadir. Ancak, hantal ve pahali enstriimantasyon ve
operasyonel karmasiklik genellikle rutin kullanimlarini simirlar ve daha etkili
alternatiflerin gelistirilmesini talep eder.

Viskoziteyi 6lgmek amaciyla farkli yontemler gelistirilmistir. Bir yeni yOntemse,
mikroakigkan ¢iplere yerlestirilen mikrosiitunlarin yer degistirmesi yoluyla viskoziteyi
hesaplama yontemidir. Bu yontemde, viskozite Ol¢limleri yapmadan once bilinen
viskozitelere sahip soliisyonlar1 kullanarak kalibrasyon egrileri (viskoziteye karsi
mikrosiitun u¢ yer degistirmesi) olusturmuslardir. Bunu, sabit akis (kesme) hizlarinda
2 ila 100 cP arasinda degisen viskozitelere sahip gliserol / su ¢ozeltileri ile deneyler
yaparak ve sivinin gegmesi sirasinda mikrosiitun uglarinin yer degistirmesini filme
alarak yapmiglardir. Calismalar, 15 ila 60 ml/saat arasinda degisen dort farkli akis
hizinda gergeklestirilmistir. Ardindan, viskozitesi bilinmeyen sivinin viskozitesini
Olcmek i¢in ayni deney diizenegi kullanilmistir. Sivinin viskozitesi, videoda kayit
altina alinan mikrosiitun uglariin yer degistirme miktarlar1 ve daha once ¢ikartilan
kalibrasyon egrileri vasitasiyla tespit edilmistir.

Deney diizeneginde bir adet ters mikroskop (Nikon Eclipse TS100, Tokyo, Japonya),
bir siringa pompas1 (PHD Ultra 70-3007, Harvard Apparatus, Holliston, MA), bir CCD
kamera (Point Gray Grasshopper3 USB3.0, Richmond, BC, Kanada) ve deneyi filme
almak i¢in bir bilgisayar kullanilmaktadir. Siringa pompasi kullanilarak sivi
numuneleri giringaya yerlestirilir ve mikroakigkan ¢ipe enjekte edilir. Ters ¢evrilmis
mikroskop, 10X objektif mercege ve goriintiileme baglanti noktasina yerlestirilmis 0,7
oraninda kii¢iiltmeli mercege sahiptir. Bu sayede videoda mikrosiitunlarin 7X
oraninda biiyiitiilmesi saglanir. Mikroakigkan bir viskozimetre ¢ipi olusturmak icin bir
aliminyum (Al) kalip kullanilmigtir. Mikrosiitun (ylikseklik H = 1500 pm, ¢ap D =
300 um) Al kalibini islemek i¢in ise 1500 pm fliit uzunluguna sahip 300 um ¢apinda
bir matkap ucu (Corrodrill) kullanilmustir.

CCD kamera mikrosiitun uglarinin hareketini saniyede 22 adet yiiksek ¢oziiniirliikte

kare yakalamak suretiyle kayit altina alir. Kameranin piksel boyutu 5,68 um’dir.
Kamera piksel boyutunu biiyiiltme oranina (7X) boldiigimiizde videolarimizda 0,81
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um/piksel ¢oziiniirliik elde ettigimiz goriilmektedir. Mikroakiskan cihazdaki mikro
stitunlarin fotograflari, 15 ila 105 ml/saat arasinda degisen ¢esitli akis hizlarinda ve
ayrica statik durumda (akis yokken) yakalanir.

Bu yontemde mikrosiitun uglarmin yer degistirme miktar1 ImageJ isimli bir resim
isleme yazilimi kullanarak insan yardimiyla hesaplanmaktadir. Bu sebepten, onerilen
yontem uzun vakit almakta ve hataya agik hale gelmektedir. Bu nedenle, bu tezde
mikrosiitun uclarinin yer degistirmesini daha hizli ve daha yiiksek dogruluk payinda
hesaplamay1 saglayan ii¢ farkli goriintii isleme stratejisi sunacagiz. Onerdigimiz
yontemlerden birincisi klasik video islemede kullanilan Kanade-Lucas-Tomasi (KLT)
algoritmasi, ikincisi ise derin O0grenme temelli FlowNet2 evrisimsel sinir agi
modelidir. Son yontem ise Hough Circle goriintii isleme yontemidir.

Bilgisayarli goriide KLT yontemi, optik akis tahmini i¢in yaygin olarak kullanilan bir
diferansiyel yontemdir. Akisin, incelenen pikselin yerel bir komsulugunda sabit
oldugunu varsayar ve bu komsuluktaki tiim pikseller icin temel optik akis
denklemlerini en kiigiik kareler yontemiyle ¢ozer. Mikrosiitunlar: takip etmek icin
once tizerlerinde takip edilecek uygun 6zellikli noktalar tespit edilmelidir. Bu amag
dogrultusunda biz ilk 6nce Shi-Tomasi metodu ile mikrosiitunlar {izerinde uygun 4
adet kose noktast buluyoruz. Bu yontem, yararli olabilecek en uygun N koseyi bulur
ve istenmeyen koseleri siler. Daha sonra KLT sayesinde tespit edilen kdse noktalarina
KLT optik akis algoritmasii uyguluyoruz ve video da koselerin hareketini takip
ediyoruz. Gercek zamanli hareket algilamaya ulagsmak i¢cin KLT pencere boyutunu
500x200 piksel olarak segtik. Mikrosiitun iizerinde secilen 4 adet nokta ve bu
noktalarin KLT algoritmasi kullanilarak hesaplanan optik akisi ¢ikartilir.

Ikinci yontemde, bir makine 6grenme algoritmasini kullaniyoruz, Bir evrisimsel sinir
ag1 (CNN), gorsel veriyi derin 6grenmede yorumlamak i¢in kullanilan bir tiir yapay
sinir agidir. CNN, gorsel veride cisimlerin boyut veya konumdan bagimsiz olarak
tespit edilebilmesini saglar. Optik akis tahmini alaninda Dosovitskiy'nin CNN tabanl
FlowNet modeli oldukg¢a basarili sonuglar vermistir. Bu model basit bir CNN mimarisi
kullanarak verilerden dogrudan optik akisi 6grenme fikrine dayanir. Daha sonra
gelistirilen FlowNet2 modeli ise, yiiksek miktarda optik akis olan veride bile son
derece ince ayrintilarin dogru tahmini ve hizli ¢alisma siireleri gibi yenilikler
getirmistir.

Mikrosiitun uglarinin hareketinin tespitinde ikinci yontem olarak FlowNet2 modelini
kullantyoruz. Bunun i¢in ilk dnce siitun arka planini resimde maskeliyoruz. Bu adim,
FlowNet2'nin hassasiyetini artirmay1 saglamaktadir. Burada, THINGS veri seti
tarafindan onceden egitilmis FlowNet2 modelini kullaniyoruz. Daha sonra videonun
ilk karesini modelin ilk girisi olarak, gelecek kareleri ise ikinci giris olarak aliyoruz.
Model, ilk kareye iliskin videonun her karesi icin akis dosyalarini olusturuyor. Akis
dosyalar1 bize siitun yer degistirme verilerini veriyor.

Hough Circle yontemini kullanarak deney videosunun her karesinde siituna karsilik
gelen ¢emberin merkezini buluyoruz. Ardindan, cergevelerin merkez konumlarin

karsilastirarak yer degistirme sonuglarini elde ederiz.

Son boliimde, ii¢ yaklasimin sonuglarinin ImagelJ ile karsilastirilmasi anlatilmistir. Her
deneme videosunda KLT yonteminin dogrulugunu hesaplamak i¢in ImageJ verilerini
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referans olarak kullandik ve her karede bulunan yer degistirme miktar1 i¢in Imagel
dogrulugunun 1 oldugunu varsaydik. Ardindan, her kare i¢cin KLT'nin yer degistirme
sonucunu ilgili ImageJ karesiyle karsilastirdik. KLT sonuglarinin dogrulugunu daha
sonra ImagelJ ile iliskili olarak hesapladik. Her karede bulunan mikrosiitun uglarinin
yer degistirmesinin dogrulugunu hesapladiktan sonra, KLT yoOnteminin genel
dogrulugunu elde etmek i¢in sonuglarin ortalamasini aldik. Ayni islemleri FlowNet2
ve Hough Circle modelernin dogrulugunu belirlemek i¢in de kullandik.

Sonug olarak KLT, FlowNet2 ve Hough Circle yontemlerin, ImageJ yontemi ile ilgili
olarak sirasiyla %95.45, %95.62 ve %91.47 ortalama dogruluk sagladi. insan
yardimina ihtiyacimiz olmadig1 i¢in bu teknikleri kullanarak ¢ok zaman kazandik.
KLT ile Imagel'e gore 158 kat, Hough Circle ile 396 kat ve FlowNet2 ile 10 kat daha
hizli viskozite sonuglari tiretebildik. Ayrica, KLT yontemi FlowNet2'den daha az
hesaplama giicii gerektirir. Bu sebeple KL T gercek zamanda calisabilmektedir. Daha
once belirtildigi gibi Imagel'deki goriintii isleme i¢in insan yardimina ihtiyag¢ vardir,
ancak Onerdigimiz yaklagimlarda tiim islemler bilgisayar programlari tarafindan
otomatik olarak yapilabilmektedir. Bu da Imagel'e gore biiyiik bir avantaj
saglamaktadir.
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1. INTRODUCTION

Chemical and biological fluid viscosity is a crucial material characteristic. In many
industrial processes, the viscosity of materials such as polymers, oils, paints, food,
pharmaceuticals, and other substances must be precisely measured. to increase the
efficiency and cost-effectiveness of manufacturing fermentation products during
synthesis. Therefore, the creation of straightforward, rapid, and economical
technologies to test viscosity with small sample volumes is essential in a variety of
industrial and medical applications. Rotational [1] and capillary [2] viscometers are
the two most common types of viscometers, and both are extensively used in industrial
and biological applications. But due to the expensive and bulky equipment required
for frequent use, as well as the complexity of the operations, more efficient alternatives
had to be developed. Viscosity can be quickly and affordably measured in small
volumes of material using microfluidic devices. Microfabrication and microfluidics

have recently been used to make several tiny viscometers for this purpose.

Various approaches have been used to quantify viscosity. A novel approach to
determining viscosity using the displacement of pillars that are mounted on microchips
has been put forth in the paper [3]. Prior to performing viscosity measurements, the
authors' novel method uses solutions with known viscosities to create calibration
curves (viscosity vs. micropillar tip displacement). To achieve this, they conduct
experiments with glycerol/water solutions with viscosities ranging from 2 to 100 cP at
constant flow (shear) rates and document these experiments. There were four different
flow rates used for the studies, ranging from 15 to 60 ml/h. Using this experiment and
these standard curves, the viscosity of a fluid whose viscosity is unknown can then be

found.

As aresult, we can apply computer vision and machine learning techniques in a variety
of other fields as a result of the advancements made in these fields. Object tracking is
a sensitive topic because of the enormous variety of potential uses for computer vision,
including video coding, medical diagnostics, industrial applications, and robotics.

Despite the fact that there are numerous methods for tracking an object, including the
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machine learning algorithms FlowNet [4], FlowNet2 [5], and Raft [6], as well as more
traditional image processing algorithms like Lucas-Kanade [7] and Horn-Schunk [8],
for the majority of industrial applications, we can optimize time and energy by using
these algorithms. In this thesis, we attempted to use these algorithms to shorten the
processing time for calculating the viscosity of liquids and to facilitate and improve

the evaluation process.

1.1 Purpose of Thesis

In the viscosity measurement method using micropillars, they calculated the
displacement of pillar tips with ImageJ software. ImageJ takes too much time and
needs human assistance. Therefore, we will provide three unique image processing
strategies that are faster. Here, we will use the Lucas-Kanade (KLT) algorithm, which
is used in classical video processing, the Hough Circle image recognition method, and
CNN, which is the FlowNet2 model. The main purpose of the thesis is to reach
automatic measurement of viscosity without the need for human intervention. In
addition to automating the measurement, these algorithms reduce the time required to

set up and increase the measurement accuracy to an acceptable level.

1.2 Basics and Literature Review of Viscosity Measurement

Rotational and capillary viscometers are the two main types of conventional
viscometers, and they are both widely used for industrial and biological purposes.
Moreover, their routine usage is frequently restricted by bulky, costly instrumentation
and technical complexity [9], which calls for the creation of better substitutes. A
natural framework for quick, inexpensive viscosity tests utilizing tiny quantities of
material is provided by microfluidic devices. To achieve this goal, various miniature
viscometers have already been created by scientists employing microfabrication and
microfluidics technologies [9]. Flow rate-sensing viscometers [10, 11], surface tension
viscometers [12, 13], microfluidic comparator viscometers [13, 14, 15], and droplet-
based viscometers [16, 17] are some of the several types of microfluidic viscometers
that may be classified based on their principle of measurement. Pressure-sensing
viscometers function by detecting the pressure drop across a microchannel at
predetermined flow rates, frequently using two pressure sensors that are physically

apart. The Hagen-Poiseuille equation may be used to determine the viscosities of both
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Newtonian and non-Newtonian fluids when the size of the microchannel and the length
between the pressure sensors are known. Commercially accessible viscometers based

on this idea can measure a wide range of viscosities (0.2—100,000 cP) at high shear

rates (up to 1.4 million Sfl) with little volume (20 ml). The sample volume needed to
achieve correct pressure drops and shear rates for low viscosity ¢1 cP) samples might
be as high as 15 ml, despite the fact that pressure-sensing viscometers are ideal for
point-of-care rheology operations [18]. Viscometers that measure flow rate over a
microchannel when the pressure drops are known as flow rate sensing viscometers.
Such a viscometer, for instance, was created by Hudson et al. [19], who used it to

measure the viscosities of antibody solutions (0.7-10 cP) at a variety of shear speeds

(10-10000 S‘l). Although flow rate monitoring viscometers reduce dead volume and
data acquisition time, it might be difficult to collect high viscosity data at high shear
rates. In order to passively pull fluids into microchannels, surface tension viscometers
rely on capillary pressure and the moisture characteristics of surfaces. To calculate the
viscosity and shear rate of an imbibing fluid inside a capillary, the advancing meniscus
Is time-tracked [12, 13]. The wettability of the sample fluid is determined by the
surface qualities of the capillary, which can be a limiting issue even though the process
is straightforward and does not include moving elements [20]. A sample fluid with an
undetermined viscosity is co-flowing next to a benchmark fluid with a known viscosity
within a microchannel in microfluidic comparator viscometers [11]. By measuring the
position of the fluid-fluid contact over the channel width (perpendicular to the flow
direction), the viscosity of the sample fluid is identified [15]. For example, Kang and

colleagues [21] measured the viscosity of blood throughout a shear rate range of 10-

1000 s using a microfluidic comparator setup. Despite having a distinct advantage
for detecting low-viscosity solutions, microfluidic comparator (co-flow) viscometers
are prone to fluid boundary blurring (in the event of a miscible sample and reference
fluid) or hydrodynamic instability and droplet formation (in the case of an immiscible
sample and reference fluid). The creation of NI-Pl-sized droplets is the basis of droplet
microfluidic viscometers, which use a variety of transduction processes to measure
viscosity. Li et al. [16] and Delamarre et al. [22] created microfluidic viscometers
based on measuring the droplet length and droplet spacing, correspondingly, by
producing aqueous droplets from a sample fluid into an oil phase. Parallel to this,

Livak-Dahl, et al. [17] created a viscometer based on seeing an aqueous plug pass



through a microfluidic constriction and used the Hagen-Poiseuille equation to
determine the viscosity. Finally, Schultz et al. [23] used particle-tracking
microrheology to quantify the viscosity of all the 5 ml droplets simultaneously after
employing droplet-based microfluidics to manufacture the various viscosities. Low
sample usage is possible with droplet-based viscometers, and sample management
techniques including separation, mixing, and dilution are also possible. Elastomeric
cantilevers may now be used as force sensors to detect cell traction forces,
cardiomyocyte contractility, and clot contractility thanks to developments in
microfabrication and soft lithography [24]. In their latest work, Briicker et al.
hypothesized that linear velocity profiles might be utilized to describe micropillar
displacement in fluid flow and indicated that flexible PDMS micropillars may be
employed as viscosity sensors [25]. To our understanding, only one micropillar-based
microfluidic viscometer has been published in the literature by Judith et al. [26]. The
viscosity of a fluid was measured using a micropillar array that was magnetically
activated. With a sample volume of 20 ml, they obtained a viscosity measurement
range of 5-5000 cP with a sensitivity of 1 cP. Although this technique offers a large
dynamic range, making the devices is a time- and money-consuming operation. The
micropillar viscosity measurement method proposes a unique technique for
determining the viscosity of Newtonian and non-Newtonian liquids by quantifying the
flow-induced deflection of elastic PDMS micropillars. A micromachined aluminum
mold is used to create the micropillars by soft lithography. Micropillar deflection
caused by fluid flow is measured and studied. Fluids of varied viscosities were injected
into a microchannel holding a bendable micropillar array at varying flow rates. In
particular, for metering viscosity, we calculate the net micropillar tip displacement
along the direction of flow by measuring the location of the micropillar tip in the
absence (static, no flow) and presence of fluid flow. Viscosity directly relates to
micropillar tip displacement at a consistent flow rate. With a precision equivalent to
0.5 cP, viscosity evaluations have been made over a broad range of viscosity values
between 2-100 cP. The tests used liquid sample volumes between 80-400 pl. and flow
rates within 15-105 ml/h (shear rates y = 60.5-398.4 s) and 30 and 90 ml/h (shear
rates y = 120-345.1 s1), correspondingly, for liquids and non-Newtonian liquids
(blood). It is possible to calculate viscosity via micropillars, by observing how much
these microstructures deform when fluid samples of various viscosities flow through

the microfluidic chip. The displacement of the micropillars along the flow direction
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caused by interactions between the fluid flowing through the microfluidic device and
the micropillars is generally equivalent to the fluid's viscosity. They first calculated
the average micropillar deflection at a certain flow rate by using common
glycerol/water solutions with different viscosities. So, the micropillars were
continually recorded while the experimental fluid was delivered to them and interacted
with the pillars. By employing data visualization tools, the movement of the
micropillar tip was later calculated from these frames. All experiments were measured
using a video at a frame rate of 22. Every video's first 25 frames were captured without
any channel fluid flow. Then, a syringe pump was used to start the stream. The
camera’s pixels had a 5.68 mm dimension. They arrive at a quality of 0.81 mm/pixel
by dividing the camera pixel size by the zoom (7x). The Nyquist theorem's prediction
that the lowest length that can be distinguished is practically 2 pixels, or 1.56 mm, was
utilized to evaluate the accuracy of viscosity measurements. A calibration graph
mapping the viscosity values to the movement of the micropillar head is created using
the deflection measurements at different flow (shear) velocities. Following that, the
viscosity of unidentified liquids at a particular flow (shear) velocity is calculated using
these calibration curves (Figure 1.1). The viscosity of glycerol/water samples varying
from 2-100 cP at 25" C (28.3-86.75% (glycerol/water)) was measured in order to
quantify the sensitivity and dynamic range of the microfluidic rheometer. In this
method, a modified Matlab application was used to analyze the images captured in the
recorded films. Two different recording scenarios were used for the videos: static (no
flow in the channel) and dynamic (fluid flow in the channel). Each video's first 25
frames were captured with no fluid flowing through the channel. After that, a syringe
pump was used to initiate the flow. Before the beginning of the flow, the micropillar's
deflection is measured by imaging and monitoring its tip. The position of the
micropillar tip in the initial static frame and each of the succeeding frames are

compared to determine the micropillar tip movement. ImageJ software is used to



validate the Matlab displacement result. In this thesis, we will present two new, faster

and more precise methods for measuring displacement.

Calibration Curves ( 2 cp, 2.5 cp, 3 cp)
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Figure 1.1: Calibration curves to measure the viscosity of an unknown [3].

1.3 Organization of This Study

The structure of this essay is as follows. In Chapter 2, we walk through the
experimental setup for filming videos. Then, we talk about the experimental outcome
of three proposed methods in Chapter 3. Chapter 4, concludes the study and offers
suggestions for future research possibilities also, we talk about our side projects about

measuring viscosity.



2. EXPERIMENTAL SETUP

This chapter discusses all the equipment needed to record the experiment video and

viscosity measurement steps for this thesis.

2.1 Device Fabrication

A microfluidic viscometer chip was produced by implementing an aluminum (Al)
mold, as shown in Figure 2.1. An aluminum mold was micromachined with microwells
using a 300 pm diameter drilling tool (Corrodrill) with a 1500 um flute length. The
mold was cleansed and burnished after the micromachining procedure to clear it of
any impurities. A 10:1 (base: crosslinker) combination of PDMS (Sylgard 184, Dow
Corning, US) was created [27]. Prior to molding the combination onto the aluminum
mold, the mixture was degassed for 20 minutes. A second degassing procedure was
then carried out to be sure that the fresh raw PDMS fully covered the microwells. The
Al mold with the PDMS combination was then heated for 1 hour at 75" € in the stove.
The PDMS substrate was then removed from the aluminum mold by infusing ethanol
in order to lessen the stickiness between both the PDMS and aluminum substrates and
to maintain the integrity of the micropillars. The intake and outflow holes were created
by punching two input holes. After that, oxygen plasma was used to attach the PDMS
substrate to a glass plate (1" x 3") to create the fully functional microfluidic viscometer
chip that can be seen in Figure 2.1. PDMS micropillar arrays with a ratio (H:D) of 5:1
(height H: 1500 pm, dimension D: 300 um) were produced by the manufacturing
procedure. The micropillar top, as well as the channel bottom, are separated by 100

um due to the 1600 pm channel height.
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Figure 2.1: (a) Aluminum mold with micromachined 10 microwells each with an
aspect ratio (H:D) of 5:1 (height H:1500 um and diameter D:300 um). (b) PDMS
casting and curing (c) Final PDMS chip having micropillars with height H :1500 um
and diameter D:300 um. Channel length L:6000 pm, channel width W:900um. (d) Top
view image of PDMS chip [3].

2.2 Recording Setup

An inverted microscope (Nikon Eclipse TS100, Tokyo, Japan), a syringe pump (Ultra
70-3007, Harvard Apparatus, Holliston), a CCD camera (Point Grey Grasshopper3
USB3.0, Richmond, Canada), and a computer were used to film the experiment. Using
a syringe pump, the fluid samples were placed into a syringe and injected into the
microfluidic chip (Figure 2.2). The inverted microscope was used to scan micropillars,
which had a 10-objective lens, and a 0.7 demagnification lens positioned at the
imaging port, giving an effective magnification of 7. The CCD camera was used to
capture high-quality video images of micropillar deflection at 22 frames per second.
The pixel size of the camera was 5.68 um and by dividing the camera pixel size by
magnification (7x) We get a resolution of 0.81 pm/pixel in our videos. The photos of
micropillars in the microfluidic device were taken at varied flow rates ranging from 15

to 105 ml/h, as well as at a static (no flow) condition.



. (.-

Inlet ..*Outlet <

' -
P
b

Syringe Pump

25

Video Recording
CCD Camera

Collection Chamber
Microscope Objective

Figure 2.2: The experimental set-up for the micropillar-based microfluidic viscometer
is shown schematically. The microfluidic device's micropillars are imaged using a
microscope with a 10X objective lens, a syringe pump to inject the test fluid, a CCD
camera, and a laptop.






3. INVESTIGATION OF MICROSTRUCTURE DISPLACEMENT

In this chapter, we will discuss generating displacement data from recorded experiment
videos using the Lucas-Kanade, FlowNet2 and Hough Circle algorithms. We also go
over the proposed method's literature and primers. Then we will discuss and compare

the results of the three methods.

3.1 Basics and Literature of Lucas-Kanade Image Processing Method

After checking articles on viscosity measurement research, it's time to move on to the
Computer Vision part. Digital image processing is when a digital computer uses an
algorithm to process digital images. In the last 30 years, its use has grown at a very
fast rate. Digital image processing is a very broad field that includes both digital signal-
processing techniques and image-specific ones. There are several ways to process
digital images: image enhancement, video processing, image restoration, image
analysis, and image compression. Several programming languages, such as C++, Java,
Python, and others, can be used to process digital images. In this project, the OpenCV
library is used to write the code for processing digital images. OpenCV is an open-
source C++ library for image processing and computer vision. It was created by Intel
and is now supported by Willow Garage. It's free for both business and non-business
use. It is a library that is mostly used for processing in real-time. Now, it has hundreds
of built-in functions that run image processing and computer vision algorithms. This
makes it easier to make advanced computer vision applications. Motion estimation has
been the focus of various studies in computer vision. This extensive study has resulted
in a large variety of estimating methods; too many to cover here. However, it is
fascinating to quickly review some fundamentally well-known findings. The local
window-based technique of Lucas-Kanade [7] which we use in this thesis and the
global regularized framework of Horn and Schunck [8] are seminal works that were
initially presented for stereovision and made popular for estimate by Barron et al. [28].
Insofar as they rely on a first-order Taylor expansion of the spatio-temporal intensity
function, Horn and Schunck and Lucas-Kanade are gradient-based approaches. Large
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motion scenarios have been included in the realm of application of gradient-based
techniques since the mid-1990s thanks to iterative and multiresolution
implementations. The computer vision community has put a lot of work into making
objective comparisons using benchmark pictures and performance metrics [28, 29, 30].
While calculation time is mentioned but not taken into account in the evaluation
process, these evaluations concentrate on the precision of optical flow. The
LucasKanade method was the first picture alignment method (Lucas and
Kanade,1981). The motion field in a picture is the actual motion of the item in the 3-
D environment, represented on the picture plane. In motion pictures, the "flow"
grayscale at the picture plane is referred to as the optical flow. Optical flow, also

known as picture flow, is the perceived motion at the picture plane that has aspects of
velocity. We use v to represent the optical flow v = (u,v). where, accordingly, u and
v stand for the optical flow vector's x and y elements at a location. Whereas, if the

optical flow is identified using two sequential photos, it manifests as a displacement

vector d out from characteristics in the initial image to those in the next. Assume,

e

d =(d,,d;) where d, and d, represent the x and y components of the displacement

vector at a location [4]. Gradient based optical flow calculation is based on a
straightforward formula for conserving picture intensity. where | (X, y, t) denote the
brightness of the image at point (X, y) in the picture plane at time t. We believe that
the brightness of a certain pattern point will stay unchanged while the pixel moves. As

a result,

I (x,y,t)=1 (x+6x,y+d5y,t+5t) (3.1)

where 4,, §,, and ¢, correspondingly, stand for the interframe movement and time

interval. One way to express the first-order differential equation of (3.1) is as

follows:
oldx ol dy oal
——+——+—=0 (3.2)
oxdt oydt ot
where:
Ll =u ﬂ =V (3.3)
dt dt
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Can be employed to produce an approximation of the velocity component of the
picture intensity spatial gradient. We set just another restriction that assesses the
velocity flow's deviation from cleanliness in order to also locate the second

component. This new measurement is expressed as follows:
{éu}z au)’ {av}z v
— P Ty P (3.4)
OX oy oX oy

We can develop an adaptive approach for optical flow by merging formulas (3.4) and
(3.3) with appropriate weights and utilizing calculus of variation to reduce the overall
errors [31].

Figure 3.1: Optical flow vector for pixel movement

3.2 Video Processing Using Lucas—Kanade Algorithm

In computer vision, the KLT method is a widely used differential method for optical
flow estimation. It assumes that the flow is essentially constant in a local neighborhood
of the pixel under consideration, and solves the basic optical flow equations for all the
pixels in that neighborhood, by the least-squares criterion. To track the pillars, we must
first locate the corner points on them. The built-in OpenCV function,
cv2.goodFeaturesToTrack() is used to find the corners. This function is built on the
Shi-Tomasi Corner Detector algorithm [32]. In their work Good Features to Track,

Tomasi performed a little tweak to it, and the findings are superior to those of the
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Harris Corner Detector [33]. The following provided the Harris Corner Detector's

scoring function:
R=44 k(4 +4)* (3.5)

Which A4,, 4, are eigenvalues of intensity change Error Function and R is the score

function to identify corners in the image. Instead of this, Shi-Tomasi proposed the

equation If it is greater than a threshold value, it is considered as a corner.

R =min(4, 4,) (3.6)

By using cv2.goodFeaturesToTrack() the corner points of the first frame are stored.
This method finds the top corners, which might be useful and we don’t want to detect
each and every corner. Then, by using the KLT Algorithm offered by OpenCV,
cv2.calcOpticalFlowPyrLK(); [34] we track these corners along the video. For
reaching real-time movement detection, we choose cv2.calcOpticalFlowPyrLK(),
window size (500,200) and we select 4 corners to track (Figure 3.2). For calculating
optical flow, the presumption that all of the nearby pixels will move similarly has been
seen. The 3x3 patch used in the Lucas Kanade method surrounds the spot. The motion
is the same at each of the nine points. For these nine positions, we can locate (fx, fy,
ft). Thus, our current challenge is to solve nine equations involving two over
determined unknowns. The least-square fit method yields the result. The optical flow
vectors from these corners are received by the optical flow function. It employs
pyramids to deal with large motions. Small motions are eliminated as displacement
rises up the pyramid, while large motions are transformed into small motions. Hence,
by using KLT, function obtains optical flow with the scale. For each frame, the KLT
algorithm finds four corners. Then, in the X-axis, it finds displacement for subsequent
frames in relation to the first frame. KLT repeats the process for each of the 4 corners.
Then take the average of these four corner displacements to get the pillar's final

displacement data.
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Figure 3.2: Optical flow tracking point following pillars motion

For 10 experiment videos, Table 3.1 compares the precision and processing speed
(process time per frame) of KLT to Imagel. The table shows that KLT achieves
95.45% average precision in terms of ImageJ displacement accuracy with a 158 times
faster processing time. Additionally, the procedure is fully automatic and completed
without human assistance. We can easily measure unknown fluid viscosity by
generating displacement values with KLT.

Table 3.1: KLT method accuracy with respect to ImageJ and speed of process.

Experiment KLT Video KLT ImagelJ
Video Accuracy  Frame Process Speed Process Speed
Count (Second per (second per frame)
frame)
75 ml/hr 25 ¢cp 0.984 48 0.05 7.79
90 ml/hr 25 cp 0.978 47 0.06 7.38
105 ml/hr25¢cp  0.945 46 0.06 8.17
120 ml/hr25¢cp  0.941 40 0.06 9.42
75 ml/hr 50 cp 0.95 64 0.06 9.34
105 ml/hr 50 cp 0.93 69 0.06 6.10
135 ml/hr50cp  0.944 44 0.06 8.63
60 ml/hr 75 cp 0.966 47 0.06 7.70
90 ml/hr 75 cp 0.95 50 0.06 7.72
120 ml/hr 75¢cp  0.957 35 0.058 6.97

Also, we use KLT to determine pillar displacement on Raspberry Pi models. Raspberry
Pi models are small calculation units that could be used in portable, low-cost
viscometers. Raspberry Pi 3 and 4 speed comparisons for displacement measurements
from 5 videos are presented in Table 3.2. In this comparison, we compare overclocked
and normal clock of the Raspberry Pi CPU, and we compare one-point displacement
detection with four-point detection. Here, Pi3 is overclocked from 0.6 GHz to 1.2 GHz,

and Pi4 is overclocked from 1.5 GHz to 2.2 GHz. In addition, heat sinks are used to
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keep CPUs cool. Based on our tests, accuracy does not appear to have changed
between these devices and the notebook. According to Table 3.2 and Table 3.3, the
Raspberry Pi4 is five times slower than the Notebook, while the Raspberry Pi3 is
twelve times slower. Based on the table results, the Pi4 has better speed than its older
version, so we can use it to build an affordable viscometer for many industrial and

medical applications.

Table 3.2: KLT method speed (time/frame) on overclocked Pi3 and Pi4 boards.

Experiment Notebook 4  Pi4(OC) Pi4(0C) Pi3(0C) Pi3(0C)
Video Points 1 Point 4 Points 1 Point 4 Points
(Second (Second (Second (Second (Second

per frame) per frame) per frame) per frame) per frame)

75 ml/hr 25 cp 0.055 0.277 0.313 0.685 0.715
90 mi/hr 25 cp 0.057 0.279 0.312 0.693 0.721
105 ml/hr 25 cp 0.057 0.282 0.316 0.688 0.725
75 ml/hr 50 cp 0.061 0.299 0.323 0.709 0.742
105 mi/hr 50 cp 0.063 0.301 0.326 0.713 0.744

Table 3.3: KLT method speed (time/frame) on Pi3 and Pi4 boards.

Experiment Notebook 4 Pi4 Pi4 Pi3 Pi3
Video Points 1 Point 4 Points 1 Point 4 Points
(Second per  (Second (Second (Second (Second
frame) per frame) per frame) per frame) per frame)

75 ml/hr 25 cp 0.055 0.302 0.346 0.712 0.748
90 ml/hr 25 cp 0.057 0.304 0.352 0.722 0.760
105 ml/hr 25 cp 0.057 0.298 0.356 0.707 0.736
75 ml/hr 50 cp 0.061 0.312 0.363 0.736 0.772
105 ml/hr 50 cp 0.063 0.321 0.358 0.748 0.779

3.3 Basics and Literature of FlowNet2

In several computer vision domains, convolutional neural networks have replaced
other techniques as the go-to alternative. They are typically used for classification [35],
but nowadays introduced architectures also permit per-pixel processes like semantic
segmentation [36] or depth estimation from an image [37]. Numerous publications
have already used optical flow to apply machine-learning approaches. Gaussian scale
mixtures are used by Sun et al. [38] to analyze optical flow stats and develop
regularizes, and by Rosenbaum et al. [39] to describe regional optical flow stats using
Gaussian mixture methods. A training set of flow fields' critical elements are
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calculated by Black et al. [40]. They next calculate the parameters of a linear
combination of these "base flows" in order to anticipate optical flow. Other approaches
instruct classifiers to choose from several inertial estimations [41] or to determine
occlusion probability [42]. There was also research about the use of neural network
models for unsupervised learning of disparity or movement within video frames. The
relationships among a pair of images are often modeled using multiplicative dynamics
in these techniques. From the latent variables, disparities and optical flow may then be
deduced. According to Krizhevsky et al. [43], convolutional neural networks trained
with backpropagation [35] exhibit good performance on large photo categorization.
This sparked a wave of research on using CNNs for diverse computer vision
applications. Despite the fact that there hasn't been much study on using neural
networks for flow estimation, there has been research on optical flow estimation with
CNNs. With CNNSs trained in a supervised or unsupervised way, Fischer et al. [44]
generate visual features and compare these attributes using Euclidean distance. In
order to forecast how semantically similar image patches are, Zbontar and LeCun [45]
train a CNN using a Siamese layout. These approaches differ significantly from
FlowNet in that they are patch-based and rely on pre-processing for spatial
aggregation. CNNs have recently been used for edge detection [46] and key point
estimation [47]. These challenges include per-pixel estimations, which make them
comparable to optical flow estimates. They quickly examine several methods because
our designs are heavily influenced by the latest events in these per-pixel prediction
problems. Given sufficient labeled data, convolutional neural networks are believed to
be particularly effective at learning input-output relations. So, using ground truth flows
and picture pairs as our inputs, they train a network to predict the x-y flow fields
straight from the images. This is known as an end-to-end learning algorithm.
Refinement CNNs Combining convolutional layers with pooling, or spatially
decreasing the feature maps, is effective at extracting high-level abstract
characteristics from pictures. In order to make network training computationally
possible and, more importantly, to enable the consolidation of data over significant
portions of the input pictures, pooling is required. To generate dense per-pixel
estimations, they must find a technique to modify the coarse pooled depiction because
pooling reduces resolution. A straightforward option is to combine the two input
photos and pass them through a very general network, letting the network select how

to analyze the image pair and extract the motion information. This is seen in Figure
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3.3 (top). They refer to this architecture as "FlowNetSimple,” as it just contains
convolutional layers. Making two distinct yet similar processing streams for the two
photos and combining them afterward is a simple procedure, as illustrated in Figure
3.3 (bottom). The network is limited by this design to first create meaningful
representations of the two pictures individually before combining them at a later stage.
Figure 3.3 depicts the network topology "FlowNetCorr," which includes this layer
(bottom). The correlation layer enables the network to compare each patch from f1
with each route from f2, given two multi-channel feature maps f1, f2: 12 —[1°, with
w, h, and c being their width, height, and number of channels, respectively. Consider
just one patch evaluation at this time. The following is the definition of the
"correlation" of two patches with centers at x1 in the first map and x2 in the second

map:

C(X1+X2) = Z (f1(X1+0)’ fz(xz +O)) (3-7)

Oc[—k,kIx[~k k]
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For a patch of squares K: 2k + 1. It should be noted that Eq. 3.7 is identical to one
stage of a convolution in neural networks, except that it convolves data with additional

data rather than using a filter. It does not have trainable weights because of this.

Calculating ¢ (x1, x2) requires c.K? multiplications. A huge outcome from

comparing all patch combinations would w”.h* such calculations, rendering effective
forward and backward passes impractical. As a result, they incorporate striding in both
feature maps and restrict the maximum displacement for evaluations due to
computational concerns. They limit the range of x2, and for each point x1, we calculate
correlations ¢ (x1, x2) only within a D: = 2d + 1 region. Strides s1 and s2 are used to
calculate x1 generally and x2 regionally in the area surrounding x1. According to
theory, the correlation produces a four-dimensional outcome: for any set of two 2D
locations, we may calculate the correlation value, which corresponds to the scalar
product of both of the vectors containing the values of the trimmed patches. In practice,

they channel the proportional dispersion. As a result, they get an outcome for the
dimensions (WxhxD?). They applied the derivatives with regard to every bottom

blob appropriately for the backward pass. In addition to the artificial Flying Chairs
dataset, they present the results of FlowNet training on the Sintel, KITTI, and
Middlebury datasets. In addition, they experiment with variational refining of the

projected flow fields and network fine-tuning on Sintel data.
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Figure 3.3: FlowNetSimple and FlowNetCorr layer schematic [4].
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The benefits of the original FlowNet are carried over into FlowNet2, including the
ability to handle huge dispersion, accurate vertical flow field estimates, the capacity to
learn priorities for particular situations, and quick runtimes. In addition, it eliminates
issues with predicted flow fields' noisy artifacts and minor displacements. As a result,
implementations like action detection and movement segmentation dramatically score
higher, elevating FlowNet2 to a useful level. The path to FlowNet 2.0 involves a
number of progressive yet significant changes that are not tangentially related to the
reported issues. They assess the impact of dataset scheduling. Surprisingly, using the
relatively complex training data from Mayer et al [48]. A learning schedule made up
of many datasets, though, considerably enhances performance. In this area, they also
discovered that the implementation of FlowNet with an express correlation layer works
better than just the version without one. Furthermore, they describe a warping
technique and demonstrate how overlaying many networks with this procedure may
dramatically enhance the outcomes. They create a variety of networks with varied sizes
and runtimes by changing the depth of the layer and the size of individual elements.
By doing so, they can manage the exchange between precision and processing power.
They also create networks with frame rates ranging from 8 to 140 frames per
second. Lastly, they concentrate on actual data and tiny, subpixel movements. In order
to do this, they developed a specific network and a unique training dataset. They
demonstrate that the design developed using this dataset functions admirably with the
kind of subtle movements found in actual recordings. They add a network that trains
to optimally fuse the previous layered network with the tiny dispersion network in
order to obtain the best efficiency on unbounded displacements. FlowNet2
outperforms the previous FlowNet on the Sintel and KITTI benchmarks. It could
provide interactive frame rates and predict minor and major dispersion with an

incredibly high level of accuracy.

3.4 Video Processing Using FlowNet2 Model

A convolutional neural network (CNN) is a type of artificial neural network used to
interpret visual images in deep learning. CNN is based on the shared-weight design of
the convolution kernels or filters that slide along input features and given translation
equivariant responses known as feature maps, they are also known as shift invariant or

space invariant artificial neural networks. In the area of optical flow estimation,
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Dosovitskiy's FlowNet was a game-changer. The idea of learning optical flow directly
from data using a simple CNN architecture was completely new. The resultant
FlowNet2 inherits the original FlowNet's features, such as huge displacement mastery,
accurate estimate of extremely fine details in the optical flow field, the ability to learn
priors for specific circumstances, and quick runtimes. For using the FlowNet2 model
first, we apply OpenCV built-in function, cv2.HoughCircles() [49] to remove the pillar
background. (Figure 3.4.a) Hough transform can be used to detect circular objects in
an image. For applying Hough transform First, the Canny edge detector is used to
compute the edge image. Then, for each edge pixel, the gradient data is calculated by
using the Sobel operator. Next, it increases the accumulator cells that are located on
both sides of the gradient for every edge pixel. Then, choose every accumulator cell
that is a local maximum and is higher than a predetermined threshold. These are all
solid options for circle centers among the accumulator cells. Finding the ideal radius
for every contender is the next step after obtaining the center possibilities. It is clear
that the parameter space is only 1D. For each potential center, simply determine how
far away it is from all edge pixels in order to fill this 1D accumulator array, which is
exactly what the radius is. After detecting the pillar, we will mask its background to
fully remove unwanted pixels. This step is essential to increase the precision of
FlowNet2. Here, we use the pre-trained FlowNet2 model, which is trained by the
THINGS dataset. Then, we take the first frame of the video as the first entry of the
model and the upcoming frames as the second entry. The model generates flow files
for each frame of video concerning the first frame. (Figure 3.4.b) Flow files give us
the pillar displacement data. Table 3.4 demonstrates that, with a processing time that
Is ten times faster, FlowNet2 achieves an average precision of 95.62% in terms of
ImageJ displacement accuracy. The process is also entirely automated and can be
completed without the assistance of a human. Due to heavy computational power
requirements, FlowNet didn't show promising results on Raspberry Pi boards. Also,
by trading between precision and timing, we can get faster results with FlowNet2 at a
cost of precision. For this reason, instead of giving full video resolution to the network,
we give cropped 200x200 video to the network. Table 3.5 shows the precision and
timing results for this method. The overall accuracy dropped to 81% relative to ImageJ,
but the operation is 25 times faster than ImageJ, and we have a 2.5-time speed increase

relative to general FlowNet2.
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Figure 3.4: (a) pillar frame after removing background. (b) FlowNet2 color map which
contains displacement data.

Table 3.4: FlowNet2 method accuracy with respect to ImageJ and speed of process
(taken time per frame).

Experiment FlowNet2 Video Frame FlowNet2 Frame  ImagelJ Frame
Video Accuracy Count Process Speed Process Speed
(second per (Second per

frame) frame)
75 mi/hr 25 cp 0.911 48 0.75 7.791
90 ml/hr 25 cp 0.961 47 0.74 7.382
105 mi/hr 25 cp 0.934 46 0.75 8.173
120 mi/hr 25 cp 0.950 40 0.77 9.425
75 ml/hr 50 cp 0.942 64 0.7 9.343
105 ml/hr 50 cp 0.939 69 0.72 6.101
135 mi/hr 50 cp 0.914 44 0.74 8.636
60 ml/hr 75 cp 0.932 47 0.77 7.702
90 ml/hr 75 cp 0.914 50 0.72 7.720
120 ml/hr 75 cp 0.858 35 0.74 6.971

22



Table 3.5: FlowNet2 cropped video method accuracy with respect to ImageJ and
speed of process (taken time per frame).

Experiment FlowNet2 Video Frame FlowNet2 Frame  Imagel] Frame

Video Accuracy Count Process Speed Process Speed
(second per (Second per

frame) frame)
75 ml/hr 25 cp 0.881 48 0.3 7.791
90 mi/hr 25 cp 0.911 47 0.31 7.382
105 ml/hr 25 cp 0.895 46 0.31 8.173
120 mi/hr 25 cp 0.866 40 0.36 9.425
75 ml/hr 50 cp 0.89 64 0.26 9.343
105 mi/hr 50 cp 0.808 69 0.2 6.101
135 ml/hr 50 cp 0.592 44 0.35 8.636
60 ml/hr 75 cp 0.915 47 0.3 7.702
90 ml/hr 75 cp 0.78 50 0.3 7.720
120 mi/hr 75 cp 0.662 35 0.36 6.971

3.5 Video Processing Using Hough Circle Method

A Hough circle transform is an image transformation that enables the extraction of
circular objects from images, regardless of how full the circle is. Additionally, the
transform is only selective for circles and typically ignores extended ellipses. High
radial symmetry objects are effectively sought after by the transform, which gives each
degree of symmetry one "vote" in the search space. The transform can calculate the
centroid and radius of any circular object in an image by exploring a 3D Hough search
space. A circle can be represented as (x-a)% + (y-b)? = r> where a, b represents the circle
center and r is the radius. So, we require 3 parameters (a, b, r) to completely describe
the circle. From the equation we need a 3D accumulator for the Hough transform,
which would be highly ineffective. So OpenCV uses a trickier method, the Hough
Gradient Method which uses the gradient information of edges. We require a 3D
accumulator from the equation, which would be incredibly inefficient. Therefore,
OpenCV employs a tougher technique called the Hough Gradient Method, which
makes use of edge gradient information. A slightly more complex technique used by
OpenCV is called the Hough gradient method. So, let's examine how those functions.
The name of the method makes it apparent that it considers gradient data. In the
previous method, the matching circles were drawn for each edge point in the parameter
space, which increased the number of accumulator cells. Now, however, we merely

increase the accumulator cells in the gradient direction of each edge pixel instead of
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painting the entire circle. There are two steps in this algorithm. First, find all the logical
candidates for the circle centers. Second, the optimal radius is then determined for each
potential center. OpenCV provides a built-in cv2.HoughCircles() function that finds
circles in a grayscale image using the Hough transform. In this function, the Canny
edge detector is used to calculate the edge image. Then, for each edge pixel, the
gradient information is calculated using the Sobel operator. Now, we increase the
accumulator cells that are located in both directions of the gradient for each edge pixel.
Then it chooses every accumulator cell that has a local maximum and is higher than a
predetermined threshold. These are all solid options for circle centers among the
accumulator cells. Finding the ideal radius for each contender is the next step after
obtaining the center candidates. It is obvious that the parameter space is now only 1D.
This 1D accumulator array needs to be filled; therefore, for each possible center,
simply compute its distance from all edge pixels (exactly what the radius is) and
increase the accumulator cell in that direction. The radius with the most edge pixel
votes will be considered the best radius. For each candidate center, repeat this. Delete
the centers that are near the previously chosen center but don't have enough support.
The Hough Gradient technique roughly performs this. Table 3.6 demonstrates that,
with a processing time that is 396 times faster, FlowNet2 achieves an average precision

of 91.47% in terms of ImageJ displacement accuracy.

Figure 3.5: Detecting pillar center using the Hough Circle method.
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Table 3.6: Hough Circle video method accuracy with respect to ImageJ and speed of
process (taken time per frame).

Experiment Hough Video Frame Hough Circle ImageJ Frame
Video Circle Count Frame Process Process Speed
Accuracy Speed (second (Second per

per frame) frame)
75 ml/hr 25 cp 0.971 48 0.02 7.791
90 mi/hr 25 cp 0.944 47 0.03 7.382
105 mi/hr 25 cp 0.94 46 0.03 8.173
120 mi/hr 25 cp 0.876 40 0.03 9.425
75 mi/hr 50 cp 0.907 64 0.02 9.343
105 mi/hr 50 cp 0.912 69 0.03 6.101
135 mi/hr 50 cp 0.935 44 0.03 8.636
60 ml/hr 75 cp 0.951 47 0.02 7.702
90 ml/hr 75 cp 0.911 50 0.02 7.720
120 mi/hr 75 cp 0.80 35 0.02 6.971

3.6 Experimental Results

In this study, we propose three methods: the Lucas-Kanade algorithm, FlowNet2 and
Hough Circle. In this part, we compare the outcomes of the three approaches with
ImageJ. Figure (Figure 3.6) shows the displacement of each frame for three experiment
videos with different flow rates and viscosities. For calculating the accuracy of the
KLT method in each experiment video, we use ImageJ data as a reference and assume
that ImageJ accuracy for the displacement of each frame is 1. Then, for each frame,
we compare the displacement result of KLT with the corresponding frame of ImageJ.
The accuracy of KLT frames is then calculated in relation to ImageJ. After computing
the accuracy for each frame's displacement, we average the results to get the overall
accuracy for the KLT method. The same operations are used to determine the
correctness of the FlowNet2 and Hough Circle models. We provided a table that
displays the errors and accuracy of the diverse manners. We examined the accuracy
and errors of 10 distinct videos with varying flow rates (Figure 3.7). Table 3.6 shows
the average accuracy and error for 10 videos. According to the table, FlowNet2 has
higher accuracy and a lower error rate than KLT and Hough Circle. Furthermore, the
KLT and Hough Circle approach are real-time procedures and require less
computational power than FlowNet2. Also, FlowNet2 requires significantly more time
to process data. With KLT we achieved 158 times faster calculation speed with respect

to ImageJ, and with FlowNet2 we decreased the processing time about 10 times
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compared to ImageJ. In terms of time savings, the Hough Circle method is so
promising and is 396 times faster than ImageJ. For the processing in ImageJ, we
require human assistance, but in the proposed approaches, everything is done by
computer programs, which is a big advantage over ImageJ. Also, the results highly
depend on the quality and features of the video recording. Air bubbles and
inappropriate lighting during video recording may reduce the accuracy of the viscosity

calculation in the presented methods.

Table 3.7: Accuracy and speed comparison results of proposed methods.

Method Accuracy  Speed (second
per frame)
KLT 95.45 0.05
FlowNet2 95.62 0.74
Hough Circle 91.47 0.02
ImageJ 100 7.92

Displacement Results For 3 Videos

Figure 3.6: Displacement comparison of three proposed methods with ImageJ for
three videos: 60mlhr 75cp, 75mlhr 25cp and 120mlhr 75cp. (displacement scale is the
pixel difference between the first frame and the next frames.)
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Accuracy of Algorithms for Experiment Videos
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Figure 3.7: Calculated accuracy for three methods with respect to ImageJ.
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4. FUTURE WORKS

Along with working on developing methods for metering the viscosity of Newtonian
liquids we are working on developing automated methods for measuring the viscosity
of non-Newtonian liquids, especially blood. We are trying to develop a point-of-care
device for measuring blood viscosity for healthcare and medical applications.
Understanding the causes of hemorrhage, directing hemostatic medications, and
anticipating the risk of bleeding during subsequent anesthetic or surgical operations all
depend on the perioperative monitoring of blood coagulation. In addition, we are
building data set using synthesis images for training FlowNet2 and Raft. Also, we are

working on recording more videos to increase our data sets.
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