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Abstract
Understanding dynamic mechanisms, morphology and behavior of bacteria are important
to develop new therapeutics to cure diseases. For example, bacterial adhesion
mechanisms are prerequisites for initiation of infections and for several bacterial strains
this adhesion process is mediated by adhesive surface organelles, also known as fimbriae.
Escherichia coli (E. coli) is a bacterium expressing fimbriae of which pathogenic strains
can cause severe diseases in fluidic environments such as the urinary tract and intestine.
To better understand how E. coli cells attach and remain attached to surfaces when
exposed to a fluid flow using their fimbriae, experiments using microfluidic channels are
important; and to assess quantitative information of the adhesion process and cellular
information of morphology, location and orientation, the imaging capability of the
experimental technique is vital.
In-line digital holographic microscopy (DHM) is a powerful imaging technique that
can be realized around a conventional light microscope. It is a non-invasive technique
without the need of staining or sectioning of the sample to be observed in vitro. DHM
provides holograms containing three-dimensional (3D) intensity and phase information
of cells under study with high temporal and spatial resolution. By applying image
processing algorithms to the holograms, quantitative measurements can provide
information of position, shape, orientation, optical thickness of the cell, as well as
dynamic cell properties such as speed, growing rate, etc.
In this thesis, we aim to improve the DHM technique and develop image processing
methods to track and assess cellular properties in microfluidic channels to shed light on
bacterial adhesion and cell morphology. To achieve this, we implemented a DHM
technique and developed image processing algorithms to provide for a robust and
quantitative analysis of holograms. We improved the cell detection accuracy and
efficiency in DHM holograms by developing an algorithm for detection of cell diffraction
patterns. To improve the 3D detection accuracy using in-line digital holography, we
developed a novel iterative algorithm that use multiple-wavelengths. We verified our
algorithms using synthetic, colloidal and cell data and applied the algorithms for detecting,
tracking and analysis. We demonstrated the performance when tracking bacteria with submicrometer accuracy and kHz temporal resolution, as well as how DHM can be used to
profile a microfluidic flow using a large number of colloidal particles. We also
demonstrated how the results of cell shape analysis based on image segmentation can be
used to estimate the hydrodynamic force on tethered capsule-shaped cells in micro-fluidic
flows near a surface.
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Abbreviations
3D

Three-Dimensional

AFM

Atomic Force Microscopy

CCD

Charge-Coupled Device

CoM

Center-of-Mass

CFD

Computational Fluid Dynamics

CPU

Central Processing Unit

DDA

Discrete Dipole Approximation

DHM

Digital Holographic Microscopy

DIC

Differential Interference Contrast

DNN

Deep Neural Networks

DoG

Difference of Guassians

GUI

Graphical User Interface

E. coli

Escherichia Coli

EM

Electron Microscopy

FPGA

Field Programmable Gate Array

GPU

Graphics Processing Unit

ITs

Isosceles Triangles

PBS

Phosphate Buffered Saline

PDMS

Polydimethylsiloxane

PS

Polystyrene

QI

Quadrant Interpolation

SD

Standard Deviation

S. coelicolor

Streptomyces Coelicolor

RBC

Red Blood Cell

ROI

Region-Of-Interest

RGB

Red Green Blue

TSB

Tryptic Soy Broth

LED

Light Emitting Diode

OPL

Optical Path Length
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Sammanfattning
Att förstå dynamiska mekanismer och beteenden hos bakterier är viktiga för att utveckla
nya metoder för att bota sjukdomar. Till exempel så är bakteriers förmåga att fästa mot
ytor en förutsättning för att skapa infektionssjukdomar, och flera bakteriestammar
uttrycker för detta ändamål ytorganeller, så kallade fimbrier, vilka binder mot ytreceptorer.
Escherichia coli (E. coli) är en vanlig bakterie som uttrycker fimbrier, och många av dessa
patogena stammar kan orsaka allvarliga sjukdomar i miljöer som urinvägarna och
tarmarna. För att bättre förstå hur E. coli bakterier fäster mot ytor i sådana miljöer, där
även höga vätskeflöden sker, är experiment i mikroflödeskanaler viktiga; och för att samla
in kvantitativ information om vidhäftningsprocessen och cellernas morfologi,
lokalisering och orientering är avbildningstekniken viktig.
Så kallad In-line digital holografisk mikroskopi (DHM) är en kraftfull
avbildningsteknik som kan byggas upp runt ett vanligt mikroskop. Det är en icke-invasiv
teknik utan behov av färgning eller snittning av provet som skall observeras. DHM
tillhandahåller hologram som innehåller tredimensionell (3D) intensitet och
fasinformation av celler som studeras. Genom att använda bildbehandlingsalgoritmer för
att analysera hologrammen kan kvantitativa mätningar ge information om cellens position,
form, orientering, optisk tjocklek, såväl som dynamiska cellegenskaper såsom hastighet,
och växthastighet etc.
I denna avhandling visar jag hur man kan förbättra DHM-tekniken och utveckla
bildbehandlingsalgoritmer för att mäta cellens position och cellens egenskaper i
mikroflödeskanaler för att förstå bakteriers vidhäftningsförmåga. För att genomföra detta
utvecklar vi DHM-tekniken och bildbehandlingsalgoritmer för att möjliggöra en robust
och kvantitativ analys av hologram. Vi förbättrade celldetekteringsnoggrannheten och
effektiviteten i DHM-hologram genom att utveckla en algoritm för detektering av cellens
diffraktionsmönster. För att förbättra mätning av cellens 3D-position utvecklar vi en ny
iterativ algoritm för DHM där flera våglängder används. Vi verifierar våra algoritmer med
hjälp av syntetisk data, mikropartiklar och celler samt tillämpar algoritmerna för
detektering, spårning och analys. Vi visar även hur man kan lokalisera bakterier med submikrometernoggrannhet med kHz upplösning. Dessutom visar vi hur DHM kan användas
för att mäta flödesprofilen i en mikroflödeskanal genom att följa ett stort antal
mikropartiklar. Vi visar också hur bildsegmentering kan användas för att uppskatta den
hydrodynamiska kraften på bundna kapselformade celler i vätskeflöden nära en yta.
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1. Introduction
1.1

Background

The increasing number of multidrug-resistant bacterial infections is one of the most
important threats to public health [1]. To solve this problem, we need to continuously
develop new effective methods to stop pathogenic bacteria from causing infections.
However, to reach this goal, we need better understanding of the bacterial infection
process. Therefore, understanding the dynamic mechanisms, morphology and behavior
of bacteria are important to development new therapeutics.
Since bacterial adhesion is the initial step in colonization and infection, understanding
the adhesion mechanisms are important [2]. Many bacterial strains including E. coli use
adhesive organelles, also known as fimbriae, to initiate and maintain adhesion to host
surfaces [2]. For example, uropathogenic and enterotoxigenic E. coli are fimbriae
expressing pathogenic strains that cause diseases in fluidic environments such as the
urinary tract and intestine [3]. It has been shown that fimbriae expressed by these strains
are flexible polymers with delicate biomechanical properties that can improve adhesion
to a receptor [4]–[10]. Thus, to understand how pathogenic E. coli strains can sustain fluid
flows in vivo, experiments mimicking these conditions are important.
Experiments and analysis of numerous micrometer sized objects in a micrometer
sized fluid flow channel require not only sophisticated imaging capabilities but also image
processing algorithms to process, detect and track the cells under investigation. However,
it is a challenge in multidisciplinary research to develop technologies to obtain accurate
and detailed cellular-level data of cell morphology, location and orientation.

1.2

Imaging techniques

To achieve accurate and high throughput measurements of living cells in a microfluidic
channel, a suitable microscopy technology that meet our demands is needed.
Development of the microscope to image small objects can be traced back to the invention
of a lens from a polished crystal. However, during the recent decades we have witnessed
how high-quality detectors, cutting-edge illumination systems and computer-based
techniques have improved the quality of the assessed data and helped us advance our
understanding of the dynamic behavior of cells and their structures. Computational
techniques are central in this improvement, where algorithms are developed to reconstruct
structures and solve imaging problems. In addition, general image analysis tools have
been developed to allow researchers to apply image processing algorithms in a simple
manner.
Nowadays, state-of-the-art microscopy systems are equipped with different
computational techniques depending on a diverse range of applications in practice.
Depending on the sample type, size, and optical property as well as the resolution of the
microscopy, the advantages and disadvantages of some general techniques are discussed
here. For example, in structural biology, advanced electron microscopy (EM) based
1

technique have obtained near-atomic-resolution (<4 Å) from reconstructions, e.g., by
using cryo-EM data [11]. However, EM imaging does not allow for imaging of living
cells. Atomic force microscope (AFM) can be applied to capture nanometer-resolution
images of living biological samples in liquids and they can provide information of small
structures [13]. However, the sampling process using mechanical probes in the AFM is
time-consuming, requiring seconds to minutes to complete the scan and therefore the
temporal resolution is low. Besides, since the properties measured by the AFM is an
invasive process and dependent on the geometric characteristics of the probe tip, the
artifact from contact may lead to error in quantitative measurement of the cell at
molecule-level.
Molecule-level resolution can also be achieved by using optical techniques such as
fluorescence microscopy [14]. This technique benefits from single particle analysis
routines [15] and super-resolution microscopy [16] to overcome the diffraction limit.
Although staining cells can increase the contrast and help us to observe structure better,
the by-product of staining may change the properties of living cells. To visualize
transparent and tiny objects without labelling, phase contrast imaging transform phase
variation to amplitude to distinguish cellular and sub-cellular morphologies for biological
samples with low light absorption property [17]–[19]. Similarly, the classic differential
interference contrast (DIC) microscope convert phase gradients into intensity differences
[20]. This interference pattern, however, is used only for qualitative phase imaging
because the relationship between the DIC images and the optical path length (OPL) of the
object is not linearly related [21]. To study a cell and obtain a quantitative measurement,
quantitative phase microscopy (QPM) is used to dynamically measure living cells and
optically transparent specimens in a quantitative, non-invasive and label-free manner
[22]–[24]. By convention, there are a variety of names to describe this technique [25]. In
this thesis, we describe it as digital holographic microscopy (DHM).
Holographic microscopy (light or electron) was first invented by Dennis Gabor in
1948 [26] and developed to its digital form by Goodman and Lawrence in [27]. DHM has
received attention for having extended depth of focus and quantitative measurement of
the optical properties of cells. A DHM setup is typically designed using an inverted bright
field microscope and can record a hologram that contains all the information necessary to
reconstruct the amplitude and phase of a propagating light field at different spatial
positions. This allows for accurate 3D object positioning and for assessment of different
parameters of a cell, such as its thickness, volume, and refractive index. In general, DHM
not only shares many advantages of other light microscopy systems but also has unique
features [24], [28]. First, it is a non-destructive and non-invasive method since the sample
in DHM does not need any staining or sectioning to observe objects in vitro. Second, the
construction of DHM can be compact and simple. It can be implemented directly into a
conventional microscopy by sharing the optical path in the system. Besides, it allows for
multimodal microscopy [29], [30] that is combined with existing systems, e.g., optical
tweezers [31], Raman spectroscopy [32] or fluorescence microscopy [33]. Third, the 3D
information of the sample is acquired from single hologram. Unlike the 3D information
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generated by confocal microscopy [34] or florescence microscopy, it does not require
mechanical scanning of the sample at different position in depth which allows for kHz
recording of holograms. Thus, cell dynamics can be captured at high temporal resolution.
Fourth, the OPL of the sample under observation is related to the index of refraction,
making DHM suitable for study of cell morphology.
However, there are two major limitations in this technique. The first limitation is the
accuracy and efficiency of the numerical reconstruction. The accuracy is limited not only
by the wavelength of illumination used in the system but also by the parameters in the
numerical reconstruction. For example, if a low-resolution hologram or a small template
cut from the hologram is used as input for the numerical reconstruction procedure, the
resultant 3D information will contain large error due to the quantized pixel values and
template size. The numerical reconstruction is a computational demanding process so that
implementation of algorithms and performance of computers are important to reach
desired accuracy. To overcome this difficulty, fast processing using parallel computing,
e.g., based on CPU [35], GPU [36] and field-programmable gate array (FPGA)
implementation [37] are suggested. Moreover, the algorithm efficiency can be optimized
in some special cases, e.g., algorithm designed only for extracting mean particle size [38]
or positioning of spherical particles [39].
The second limitation is the loss of the phase of the light when the hologram is
sampled on a detector, i.e., CMOS or CCD camera. To elaborate this issue, we consider
an optically transparent object which provides a significant optical phase delay. This
phase delay, caused by light transmitted and scattered off from an object that interferes
with references light, results in a fringe pattern. The separation between scattered light of
the object and the reference light can be achieved using spatial modulation. There are two
spatial modulation schemes: in-line and off-axis. For in-line DHM, weakly scattered light
from the object overlaps directly with the non-scattered reference light [40]. The scattered
light is reconstructed by back-propagating light from hologram to the object position. In
this process, the detector obtains the initial amplitude of a save at the hologram. However,
the initial phase values of wave are lost, leading to a so-called "twin image" problem [41]
which add noise to the reconstruction results. To avoid this problem, various off-axis
DHM schemes have been developed to acquire phase information based on a MachZehnder configuration. With this configuration, the reference light is slightly tilted with
respect to the object light, which gives a well-defined carrier spatial frequency [25]. By
using this carrier frequency, the "twin image" information can be easily removed and the
phase can be retrieval directly from spatial frequency domain. However, this approach
solves the phase information at a cost of spatial resolution in the lateral plane according
to the way it processes the space-bandwidth-product [42].
Recently, solutions to the "twin image" problems for in-line DHM have been
proposed by [43]. To resolve the twin image problem, Gerchberg-Saxton iterative
methods [44] with physical constraints have proved to have better accuracy in
reconstructing phase information than those using a non-iterative approach [45]. The
solution show that the in-line DHM has the potential of removing the "twin image" by
3

numerical methods and simultaneously acquire better spatial resolution than off-axis
DHM.
Based on the solution using iterative phase retrieval, methods have been developed
that samples holograms at different: heights [46]–[48]; angles [49], [50]; or wavelengths
[51]–[53] to solve the twin image problem for accurate phase reconstruction. All these
methods solve the twin image problem for accurate phase retrieval. However, holograms
acquired at different height often require mechanical scanning with a sample stage,
increasing the complexity of experimental procedure [46], [48]. In addition, acquiring
several images at different height often requires the object to be immobilized. To allow
for studies of objects in motion, dual-plane digital holography with multiplexed volume
holographic gratings can produce single-shot holograms from different heights [47].
Besides, by using holograms recorded at different heights, angles and wavelengths all
together, a propagation phasor approach can be applied to reduce the number of raw
measurements [50]. However, these approaches can retrieve the phase at a cost of
increased complexity of the setup and alignment procedure. On the other hand, some
multiple wavelength methods use relatively simple compact setups. In this case, the phase
can be retrieved either by using different wavelengths that match the channels of a redgreen-blue (RGB) camera [49], [54], [55], or tunable lasers can be used to acquire
holograms at approximately ten to twenty different wavelengths, however at the cost of
computational efficiency when processing the data [51], [52]. Thus, there is still room for
developing the DHM system to achieve high framerate in recording holograms and design
efficient algorithms to acquire both the intensity and phase information with high
accuracy.
In summary, modern quantitative microscopy systems need to produce high quality
images with powerful image processing and reconstruction algorithms that allow us to
obtain reliable, high throughput analysis and reproducible results to study cells in fluidic
flow. The information of a cell measured by the system should contain three-dimensional
location at high spatial and temporal resolution, and shape property with low noise. The
experimental design should be flexible to combine with existing microscope setup or
system without introducing complicated alignment or experimental procedure to study
objects in motion. The last feature is receiving a lot of interests in recent years and
becoming important for modern multimodal microscopy system [29]–[33], [56], [57] that
allows for registration of quantitative object properties from different techniques, and for
automated detection and recognition of cells.

1.3

Aim of the thesis

The work in this thesis has been aimed to develop image processing methods and apply
these methods to digital images and holograms to study bacterial cells in microfluidic
channels. In addition, we aimed to develop general-purpose image processing algorithms
and improve the in-line DHM technique to achieve better accuracy when performing
numerical reconstruction of the intensity and the phase. In pursuit of this aim, we
developed a multiple wavelengths in-line digital holographic microscopy system using a
4

series of novel algorithms to: detect object positions; track object trajectories; retrieved
the phase and analyze optical and morphological properties of objects. Furthermore, we
aim to apply our DHM technique for tracking the position of E. coli cells of various shapes
in a fluidic channel. These new approaches can thus be used to shed light on the bacterial
adhesion mechanism.

1.4

Outline of the thesis

The thesis is organized into eight chapters. The second chapter introduces the
fundamental theory of digital holography and the experimental setups. In the third chapter,
a novel image processing method is presented for detecting diffraction pattern in
holograms acquired under noisy conditions. In the fourth chapter, the realization of a 3D
particle tracking system based on DHM is presented. In the fifth chapter, a novel object
plane detection and phase retrieval method is presented to acquire the object position with
various shapes and refractive indexes. In the sixth chapter, cell morphology analysis using
our image segmentation methods is presented and how this can be used to estimate the
drag force of a cell in a fluidic channel. In the seventh chapter, software tools are
presented for applications in particle tracking, force estimation and morphology analysis.
In the eighth chapter, concluding remarks are presented, and we discuss the potential
future development of our technique for studying bacterial adhesion.

5

2. Digital Holographic Microscopy
2.1

From waves to holograms

To make the best effort in our multidisciplinary research to study microscopic cells in
fluidic flows we combine image processing, physics and biology together with the DHM
technique. This can provide us with high throughput data using an automatic, fast and
robust approach. To better understand this approach, the key elements in DHM is
introduced in this chapter, that is: scalar diffraction theory; numerical reconstruction; the
experimental setup; and generation of synthetic data for biological applications.
In the in-line version of digital holographic microscopy, as illustrated in Figure 2.1,
we start by describing how a hologram is created. A micrometer sized semi-transparent
object, e.g., a cell, is illuminated by a partially coherent light source. Light that hits the
object will be both scattered and transmitted by the object, and this light interferes later
with non-scattered light. The hologram is created at the detector by interference of a
reference wave with diffracting waves from the object. This hologram contains 3D spatial
information of wave amplitude and phase related to the interaction between light and the
investigated object. This information can be used to locate object positions, extract
morphological properties such as shape and orientation, optical properties such as optical
thickness, refractive index, as well as dynamic cell properties such as the speed, motility,
growing rate, etc. The method to extract the information for the object is often related to
a process named numerical reconstruction. This reconstruction process is used to simulate
light propagation from the hologram. Therefore, it is important to describe light
propagation and the hologram in a systematic way.

Figure 2.1. Schematic of in-line digital holography. An object is illuminated with a reference wave
with a plane wavefront from the left. At the far right a hologram is formed by intereference of waves
diffracted by the object and non-diffracted waves.
6

To describe the waves and the hologram at the detector, we define two coordinate
systems (Figure 2.1). One is defined by using a Cartesian coordinate (X, Y, Z) to describe
the reference wave and the diffracting waves from the object. In this coordinate system,
the Z-axis is in the direction of light propagation. The other one is a 2D-system to describe
a hologram in the xy-plane. Besides, we denote the -Z direction as the axial direction in
which the distance z is defined from the hologram to a parallel lateral plane. Note that in
a perfectly aligned system, the xy-plane is parallel to the XY-plane.
By using the coordinate systems defined above, light propagates through the object
and hits the detector at position Z D in the Z direction and is recorded as a 2D image in the
lateral xy-plane. In this process, we can model the wave propagation based on scalar
diffraction theory [58], [59] (see Section 2.3 for more details) and the intensity in the
hologram is thus described by the superposition of the reference and diffracting waves
from the object as,
�𝑅𝑅 (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 ) + 𝑈𝑈
�𝑂𝑂 (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 )�
𝐻𝐻(𝑥𝑥, 𝑦𝑦, 0) = �𝑈𝑈
2

2

2

�𝑅𝑅 (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 )� + �𝑈𝑈
�𝑂𝑂 (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 )�
= �𝑈𝑈

�𝑅𝑅 ∗ (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 )𝑈𝑈
�𝑂𝑂 (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 ) + 𝑈𝑈
�𝑅𝑅 (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 )𝑈𝑈
�𝑂𝑂 ∗ (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 ),
+𝑈𝑈

(2.1)

�𝑅𝑅 represents the non-scattered reference wave and 𝑈𝑈
�𝑂𝑂 is the scattered wave from
where 𝑈𝑈
the object, * is the complex conjugate and H(x, y, 0) represent the hologram located in
3D space with its axial distance z = 0 by default. Note that the reference intensity (the
first term in Equation 2.1 is a constant background, and the object intensity (the second
term in Equation 2.1 is small compared to the intensity of the reference wave and thus
neglected. The last two terms in Equation 2.1 contribute to a strong interference pattern
at the detector. Therefore, the noise in the hologram induced from the background
environment can be reduced by dividing the hologram with the reference intensity, and
the normalized hologram is given by,
�𝑅𝑅 ∗ (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 )𝑈𝑈
�𝑂𝑂 (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 ) + 𝑈𝑈
�𝑅𝑅 (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 )𝑈𝑈
�𝑂𝑂 ∗ (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 )
𝑈𝑈
𝐻𝐻𝑁𝑁 (𝑥𝑥, 𝑦𝑦, 0) ≈ 1 +
. (2.2)
�𝑅𝑅 (𝑋𝑋, 𝑌𝑌, 𝑍𝑍𝐷𝐷 )�2
�𝑈𝑈
The reference wave |𝑈𝑈𝑅𝑅 | can in practice be obtained from a hologram containing only
the background without the object. Thus, the normalized hologram H N contains
information only related to the interference of object wave and reference wave.
After acquiring the normalized hologram, we need to use the numerical reconstruction
process to simulate light travelling from the hologram and a lateral plane at distance z
�𝑂𝑂 can be estimated. In this process, the
close to the object, so that the object information 𝑈𝑈
hologram, either the original or normalized, is considered as an aperture through which a
virtual reference wave diffracts. This wave is back-propagated in the axial direction from
the hologram to a distance z and reconstructs a virtual hologram in a new lateral plane. In
this plane, the amplitude and phase information of the wave can be obtained. We can
identify the patterns of the object in the reconstructed hologram, set a local region-of7

interest (ROI) to create templates containing the object and then analyze the templates to
get the object information. The key to get information of the object is thus to understand
how light propagates, therefore we discuss the scalar diffraction theory in the next section.

2.2

Scalar diffraction theory

The scalar diffraction theory is of one of the most fundamental theories in digital
holography and is based on the wave nature of light. Starting from Maxwell's equations,
diffraction of light can be formulated with several assumptions and simplifications
regarding the medium [60], [61]. For example, first, the scalar diffraction model ignores
the vectoral nature of the electromagnetic field, which results in a de-coupling of electric
and magnetic field components at the boundaries. Second, we assume that the medium is
non-conductive and homogeneous with a constant permittivity and permeability
independent to wavelength. Third, we simplify the electric and magnetic field as timeindependent, so that no sources can be merged during the light propagation. Fourth, the
polarization direction of the medium is isotropic and therefore the change of the field is
independent to the polarization and the propagation direction of the light. From the
assumptions above and Maxwell's equations, we get a scalar wave equation in the form,
𝑛𝑛2 𝜕𝜕 2 𝑈𝑈(𝑋𝑋, 𝑌𝑌, 𝑍𝑍, 𝑡𝑡)
(2.3)
∇2 𝑈𝑈(𝑋𝑋, 𝑌𝑌, 𝑍𝑍, 𝑡𝑡) − 2
= 0,
c
𝜕𝜕𝑡𝑡 2

where the field U (X, Y, Z, t) represent the scalar field component at coordinate (X, Y, Z,
t), ∇2 is the Laplacian operator, n is the refractive index and c is the speed of light in
vacuum. By assuming a monochromatic wave with wavelength λ, the solution to Equation
2.3 has the form,
𝑈𝑈(𝑋𝑋, 𝑌𝑌, 𝑍𝑍, 𝑡𝑡) = ℝ�|𝑈𝑈(𝑋𝑋, 𝑌𝑌, 𝑍𝑍)|𝑒𝑒 𝑖𝑖𝑖𝑖(𝑋𝑋,𝑌𝑌,𝑍𝑍) 𝑒𝑒 −𝑖𝑖𝑖𝑖𝑖𝑖 �,

(2.4)

(∇2 + 𝑘𝑘 2 )|𝑈𝑈(𝑋𝑋, 𝑌𝑌, 𝑍𝑍)|𝑒𝑒 𝑖𝑖𝑖𝑖(𝑋𝑋,𝑌𝑌,𝑍𝑍) = 0,

(2.5)

where the ℝ represents real part of the complex function, |𝑈𝑈(𝑋𝑋, 𝑌𝑌, 𝑍𝑍)| and 𝜑𝜑(𝑋𝑋, 𝑌𝑌, 𝑍𝑍) are
� at a given position (X, Y, Z), respectively,
the amplitude and phase of the scalar wave 𝑈𝑈
𝜔𝜔 is the angular frequency of the wave and i is the imaginary unit. By combining Equation
2.3 and Equation 2.4, we get the time-independent equation,
where k is the wave number for a medium defined as 𝑘𝑘 = 𝑛𝑛𝑛𝑛/c = 2π𝑛𝑛/𝜆𝜆. Equation 2.5
is also known as the Helmholtz equation and is the foundation of the scalar diffraction
theory.
Providing that light propagation can be modeled using scalar waves, we now describe
how diffraction is explained using this model. The diffraction occurs when a wave
interacts with an aperture or an obstacle, or light travels through an object or medium
� at any point in space
with a varying refractive index. To find the propagating wave 𝑈𝑈
after interacting with an aperture, there is a solution from Gustav Kirchhoff that used
Green's theorem [62]. At any point P, the method applies a closed surface boundary
around P including a spherical surface connected to a planar surface directly behind an
8

aperture (see Figure 2.2, blue lines). Solving this surface integral using Green's theorem
and Kirchhoff’s boundary conditions, we arrive at the Fresnel-Kirchhoff diffraction
formula,
�
1
𝜕𝜕 𝑒𝑒 𝑖𝑖𝑖𝑖𝑖𝑖
𝑒𝑒 𝑖𝑖𝑖𝑖𝑖𝑖 𝜕𝜕𝑈𝑈
�(𝑃𝑃) =
�
(2.6)
𝑈𝑈
� �𝑈𝑈
�
�−
� 𝑑𝑑𝑑𝑑,
4𝜋𝜋 𝑠𝑠
𝜕𝜕𝜕𝜕 𝑝𝑝
𝑝𝑝 𝜕𝜕𝜕𝜕

where N is a vector pointing normal to the outward of surface S, P is an arbitrary position
in the coordinate (X, Y, Z), p is the distance from a point P′(𝑋𝑋′, 𝑌𝑌′) in the aperture to point
P(x, y). The Kirchhoff's formulation, however, has an inconsistency that requires the wave
� and its normal derivative to be zero at the aperture. This mathematical issue can be
𝑈𝑈
resolved by Rayleigh-Sommerfeld formulation [58]. The Rayleigh-Sommerfeld integral
describes the wave at point P produced by a surface integral over the aperture,
�(𝑋𝑋, 𝑌𝑌, 𝑍𝑍) =
𝑈𝑈

−𝑖𝑖𝑖𝑖𝑖𝑖
2𝜋𝜋

�(𝑋𝑋′, 𝑌𝑌′, 0)
� 𝑈𝑈

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴

𝑒𝑒 𝑖𝑖𝑖𝑖𝑖𝑖
1
�1 −
� 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,
𝑝𝑝
𝑖𝑖𝑖𝑖𝑖𝑖

(2.7)

where Z = 0 is at the aperture position, Aperture is the area of an aperture in a lateral plane,
�(𝑋𝑋′, 𝑌𝑌′, 0) is the wave entering the aperture.
𝑈𝑈

Figure 2.2. An example of Kirchhoff’s solution describing light diffraction after an aperture.
Arrows represent a wave incident from the left on the aperture that diffracts. All the points at this
� at any point P
aperture can be seen as point sources that contribute to the new waves. The wave 𝑈𝑈
on the right-hand side of the aperture is related to a closed surface S in blue based on the Green's
theorem. The Kirchhoff’s boundary conditions assume zero values on any point P′ in the plane
� and 𝜕𝜕𝑈𝑈
�/𝜕𝜕𝜕𝜕 . In the Rayleighsurface, including both the opaque and aperture area, for 𝑈𝑈
Sommerfeld formulation, the wave at the aperture is generated from the point source P and a mirror
of this point source P m on the left side of the aperture.

To derive a solution to Rayleigh-Sommerfeld integral, we first assume that p >> λ,
which is known as the radiation approximation. Besides, the Fresnel approximation is
introduced as near-field diffraction of light close to the aperture. This condition describes
a paraxial approximation, assuming the light path only deviates slightly from the center
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of optical axis in the Z direction. In the end, we arrive at an approximation of Equation
2.7 in the form,
�(𝑋𝑋, 𝑌𝑌, 𝑍𝑍) =
𝑈𝑈

−𝑖𝑖𝑖𝑖𝑖𝑖
2𝜋𝜋

�(𝑋𝑋′, 𝑌𝑌′, 0)
� 𝑈𝑈

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴

𝑒𝑒 𝑖𝑖𝑖𝑖𝑖𝑖
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,
𝑝𝑝

(2.8)

Even though the scalar diffraction theory is limited by its assumptions, as long as the
object size is larger than the wavelength [58], there are experimental verification showing
that the theory yields very good results if the recording of hologram is sufficiently far
from the object [63]. Therefore, by using illuminations in the range of visible light, the
scalar diffraction theory is sufficiently effective to approximate the light propagation for
studying micro-sized cells using DHM. In the following section, we present the
algorithms for constructing a virtual hologram and reconstructing virtual holograms from
a real hologram based on the scalar diffraction theory using an in-line version of DHM.

2.3

Hologram construction and reconstruction

To simulate how light propagates from object to the hologram, we can calculate the wave
function using scalar diffraction theory to construct a virtual hologram using virtual
objects. We assume our reference wave to be a plane wave described by
exp(i(k X X+k Y Y+k Z Z)). This assumption allows us to apply the angular spectrum method
with Equation 2.8 [64]. This method represents a wave as a sum of planar waves based
on the directional cosines of a vector and describe the wave propagation as the
propagation of its spectrum representation in the frequency domain. The propagation of
�(𝑋𝑋, 𝑌𝑌, 𝑍𝑍) is recorded as a digital hologram at position (X, Y, Z). Based on the
the wave 𝑈𝑈
angular spectrum method, a Fourier transform, this hologram is constructed by,
�(𝑋𝑋, 𝑌𝑌, Z) = 𝐹𝐹𝐹𝐹 −1 �𝐹𝐹𝐹𝐹 �𝑈𝑈
�(𝑋𝑋′, 𝑌𝑌′, 0)� exp �
𝐻𝐻

𝑖𝑖2𝜋𝜋𝜋𝜋
𝑃𝑃 2
𝑄𝑄 2
�1 − �𝜆𝜆 � − �𝜆𝜆 � ��,
𝜆𝜆
𝑇𝑇
𝑇𝑇

(2.9)

where FT and FT-1 are the Fourier transform and the inverse of Fourier transform, T is the
size of the hologram template, and P and Q are indexes in X- and Y-direction, ranging
�(𝑋𝑋′, 𝑌𝑌′, 0) is the diffracting
from -M/2 to M/2, where M is the sampling number and 𝑈𝑈
waves from the object. The construction of holograms can be used to generate synthetic
data which can be used to verify the algorithms developed for our DHM system (see
Section 2.5).
In the case of hologram reconstruction, the recorded hologram |𝐻𝐻(𝑥𝑥, 𝑦𝑦, 0)| by the
detector samples the intensity as a two-dimensional M × M matrix in the x- and ydirections. To obtain virtual holograms from reconstruction, the hologram |𝐻𝐻(𝑥𝑥, 𝑦𝑦, 0)| is
propagated back in the axial direction by,
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𝐻𝐻𝑟𝑟 (𝑥𝑥, 𝑦𝑦, 𝑧𝑧) = 𝐹𝐹𝐹𝐹 −1 �𝐹𝐹𝐹𝐹(|𝐻𝐻(𝑥𝑥, 𝑦𝑦, 0)|) exp �

−𝑖𝑖2𝜋𝜋𝜋𝜋
𝑃𝑃 2
𝑄𝑄 2
�1 − �𝜆𝜆 � − �𝜆𝜆 � ��,
𝜆𝜆
T
T

(2.10)

where the reconstructed wavefront at the distance z contains both the amplitude and phase
information related to the interaction between light and the investigated object by
𝐻𝐻𝑟𝑟 (𝑥𝑥, 𝑦𝑦, 𝑧𝑧) = 𝐴𝐴(𝑥𝑥, 𝑦𝑦, 𝑧𝑧)𝑒𝑒 𝑖𝑖𝑖𝑖(𝑥𝑥,𝑦𝑦,𝑧𝑧) . This information can be used to estimate the properties
of the object absorption and phase information. To apply the reconstruction algorithm,
we built an in-line version of the DHM, which is explained in the following section.

2.4

Experimental setup and sample preparation

We built the in-line DHM setup around an Olympus IX70 inverted microscope (Figure
2.3A), that has originally been developed for optical tweezers and microfluidic
experiments [65]–[67]. We used a quasi-monochromatic light emitting diode (LED)
operating at 470 nm, and we coupled this LED with an optical fiber and output collimator.
Holograms were magnified by an objective and recorded using a high-speed CCD camera
with RGB channels. Since the illumination LED was at 470 nm, only the B channel of
the camera contains useful information.
To utilize all three channels we introduced a three-laser-wavelengths illumination
system (Figure 2.3B). To reduce crosstalk noise in the camera from multiple-wavelength
illuminations, we used a red (632.8 nm), a green (532 nm) and a blue laser (491 nm).
Laser based illumination provide holograms with fringes at high contrast due to the spatial
coherence and high light intensity. However, coherent illumination impairs the
conventional DHM holograms with speckle noise, which limits the spatial resolution and
image quality. To reduce speckle noise during image acquisition, we focused all three
lasers on a rotating ground glass in-house [68]. By using this approach, we created a high
intensity partially coherent illumination beam. To achieve better contrast in the detector
plane, we spatially filtered the collimated fiber output using a pinhole and to ensure
illumination with plane wavefronts, we positioned the pinhole 30 mm above to sample.
We mounted a sample chamber onto a xyz-piezo stage which could be positioned in
three dimensions over a range of 100 μm with nanometer accuracy using piezo actuators.
Subsequently, we imaged the object under study using either 60× or 100× oil-immersion
objective depending on the needed resolution. The whole setup was built in a temperaturecontrolled room at 23 ± 1 °C to ensure long-term stability and to reduce thermal drift
effects in the sample [69], [70].
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Figure 2.3. A) Photo of the in-line DHM system built around a conventional microscope. From the
top, light is collected in a multi-mode fiber and passed through a pinhole located above the sample
that can be moved by piezo actuators in 3D. A sample can be imaged by a high-speed chargecoupled device (CCD) camera. B) Schematic of the experimental setup. The abbreviations in the
figure are polarized beam splitter (PBS), continuous-wave diode pumped laser (cw DPL), focusing
objective (FO 1-2), collective objective (CO), magnifying objective (MO), pinhole (PH), piezoelectric stage (PS), rotating ground glass (RGG), multi-mode optical fiber (MOF) and mirrors (M16). The piezo-electric stage moves in 3D according to the (x, y, z) coordinates.

We made microfluidic sample channels using a sandwich construction of microscope
cover slips. In these channels we introduced either particles or cells as explained in [39],
[68]. But to record data on Streptomyces coelicolor (S. coelicolor) we used microfluidic
plates (CellASIC ONIX) to restrict the growth in 2D.
Before conducting the measurements using real samples, we needed to verify if our
algorithms and models for light propagation were correct. Therefore, we first created
synthetic holograms of different samples as presented in the following section.

2.5

Synthetic data generation

To create synthetic DHM holograms with ground-truth data to verify the numerical
reconstruction, we generated holograms for various objects, including polystyrene (PS)
particles, E. coli, RBCs as well as random shaped objects using a custom-made MATLAB
routine.
We used the Rayleigh-Sommerfeld light propagation model to generate our dataset.
In the first step, we chose the simulation parameters to mimic our experimental
measurements. Therefore, we set the index of refraction of the surrounding medium to n m
= 1.33 (water) and the object's absorption to 0.05, since PS particles and cells are semitransparent. We created spherical PS particles with diameter of 1.022 μm and refractive
indexes matching the laser wavelengths. We simplified the shape of E. coli to be an
ellipsoid with a length of 3 μm and a width of 1 μm, and a refractive index n E. coli = 1.38
[67], [71], [72]. To mimic RBCs we use a Cassini shaped model with parameter values
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of a = 2.2, b = 2.25, and c = 0.66 representing a 6.3 μm wide RBC-like object with an
homogeneous index of refraction n RBC = 1.40 [73], [74].
Second, we used these parameters as input values to our routine. Third, we simulated
the wave propagation, based on Equation 2.9, by changing the distance between the object
and the virtual detector in a range from 1 to 50 μm with a step size of △Z = 1 μm (Figure
2.1, Z-direction). At each Z distance, we acquired one hologram. The hologram generated
by the virtual detector has a size of 2001 × 2001 pixels with 88 nm/pixel and 132 nm/pixel
conversion factor for hologram reconstruction according to the experimental
configurations. We chose the hologram size to be large enough to avoid artifacts
generated from light propagation due to the shape of the hologram template.
By using synthetic images generated from our MATLAB routine based on scalar
diffraction theory, we modelled the properties of the object in a 2D lateral plane. However,
real objects are in a 3D space and it is important for us to know the 3D information of the
object to estimate the orientation of cells. Therefore, we used the discrete-dipole
approximation (DDA) model to create synthetic hologram images of arbitrary shape since
the 3D information of the object can be included in the hologram [75]. It describes a
general method to compute scattering and absorption of electromagnetic waves by
particles of arbitrary geometry and composition. Compared to the scalar diffraction theory,
DDA considers the internal interaction and polarization, thus providing a better model for
wave propagation [76]. We therefore used the DDA models to generate our datasets of E.
coli for orientation estimation.
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3. Diffraction Pattern Detection
3.1

Features in the hologram

The diffraction patterns are one of the basic and most important features in DHM
holograms. Depending on spatial position of an object in the hologram, there are in-focus
object patterns with high contrast and out-of-focus diffraction patterns with distinguishing
concentric fringes. From the experimental observation of PS particles, E. coli and RBC,
the DHM holograms show connected or partially connected concentric fringes of objects
(Figure 3.1A, top). To verify the numerical reconstruction data with experimental data,
holograms from the experiment were compared to synthetic generated holograms (Figure
3.1A, bottom). We observed that the noise free synthetic data is similar to the
experimental data. Even though the appearance of objects in the holograms are different,
all the out-of-focus patterns have concentric diffraction rings with relatively high contrast
in intensity. Moreover, we simulated PS particles at different axial distances (Figure 3.1B)
and observed that with sufficient resolution in the hologram, the object patterns appear
differently at different axial distances. Based on these observations, we were motivated
to develop algorithms for detecting diffraction pattern to allow for automatic, high
throughput tracking of particles and cells.

Figure 3.1. A) Top, templates of PS particles, E. coli and RBC in a real hologram (estimated z =
20 µm). Bottom, synthetic templates of PS particles, E. coli and RBC simulated at z = 20 µm. B)
10 synthetic objects in 3D space and a 300 × 300 hologram is created with object-hologram distance
ranging from 20 µm to 120 µm with △Z = 10 µm. This simulation is conducted using
OpticsStudio16.5 software (Zemax LLC), producing synthetic diffraction patterns of PS particles
without background noise.

To detect features in the diffraction patterns we start by extracting a local region-ofinterests (ROI) around each object in a hologram. To achieve this, we detect the center of
concentric features to estimate the object center position in the lateral plane. Then, based
on the center position and pattern size, a template is cropped from the hologram
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containing concentric fringes patterns located around the template center. This template
is a pre-requisite for multiple-object detection, setting up the local region for each object
to allow for axial position detection, phase reconstruction and morphological analysis.
However, it is a challenging task due to varying image quality. The image quality can
degenerate due to the aberrations from optics, motion blur from long camera shutter times
or poor resolution of the image. In fact, real holograms will also comprise uneven contrast,
blurred fringes and the rings can be disconnected in some regions. Unlike the synthetic
data, the noisy background in real holograms also reduces the contrast of fringes. Thus,
in a DHM hologram, it is important to have a general-purpose algorithm that is robust to
noise and able to detect these concentric fringes for various shaped objects with high
computational efficiency.

3.2

Circle detection using isosceles triangles sampling

To detect diffraction patterns we developed a novel circle detection method using
isosceles triangles sampling which is robust against Gaussian noise and optimized for
computing performance to allow real time applications.
The algorithm is inspired from the conventional Hough transform for circle detection.
However, the Hough transform is not able to validate true circles when the noise level is
high. Noise in DHM holograms thus implied the need of finding a sampling strategy that
has low computational complexity and high rejection rate against noise while maintaining
a high probability of finding true circles. To achieve this, our algorithm used the criteria
of isosceles triangles (ITs) and gradient information of the edge points [77].
We present the general idea of using isosceles triangles for circle detection in Figure
3.2A whereas the workflow for the algorithm is presented in Figure 3.2B. We denote the
algorithm, ITCiD (isosceles triangles circle detection). The algorithm starts by extracting
gradient information from the image. In our implementation, we filter the image with a
Difference of Gaussians (DoG) kernel to obtain the image gradient magnitude and
direction. This step is followed by an edge detection algorithm that evaluate strong
gradient values in the image and produce a binary image to represent pixel positions
related to these strong gradients. Each pair of these pixel positions in the image are then
evaluated using our ITs sampling criteria. The criterion is essentially the comparison of
angles to see if an isosceles triangle can be generated using the image gradient direction.
However, for computational efficiency, we introduce the formula that relates the angles
���������⃗ , ���������⃗
𝜃𝜃1 and 𝜃𝜃2 (see Figure 3.2A) with normalized gradient vectors g(A)
g(𝐵𝐵) and the vector

�����⃗
𝐴𝐴𝐴𝐴 , �����⃗
𝐵𝐵𝐵𝐵 . This relation is given as,

cos(𝜃𝜃1 ) =
𝑐𝑐𝑐𝑐𝑐𝑐(𝜃𝜃2 ) =

���������⃗
g(𝐴𝐴) ∙ �����⃗
𝐴𝐴𝐴𝐴
,
�����⃗ �
�𝐴𝐴𝐴𝐴

���������⃗ ∙ �����⃗
g(𝐵𝐵)
𝐵𝐵𝐵𝐵
.
�����⃗�
�𝐵𝐵𝐵𝐵
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(3.1)
(3.2)

Figure 3.2. A) The figure shows how an isosceles triangle is detected within a circle. Using two
edge pixels A and B, and their corresponding gradient vectors (solid black arrows), which points at
the center point, O, an isosceles triangle AOB is found inside a circular pattern. B) The work flow
of the ITCiD algorithm for multiple circles detection.

Besides, we used two criteria to ensure the correctness of angle comparison,
|𝑐𝑐𝑐𝑐𝑐𝑐(𝜃𝜃1 ) − 𝑐𝑐𝑐𝑐𝑐𝑐(𝜃𝜃2 )| ≤ ∆𝑇𝑇ℎ𝑐𝑐𝑐𝑐𝑐𝑐 ,
���������⃗ ∙ ���������⃗
�g(A)
g(B)� < ∆𝑇𝑇ℎ𝑔𝑔 ,

(3.3)
(3.4)

where ∆𝑇𝑇ℎ𝑐𝑐𝑐𝑐𝑐𝑐 regulates the accuracy of triangles geometry and is set to a positive value,
∆𝑇𝑇ℎ𝑔𝑔 is a threshold value ranging from zero to one and refers to the minimum angles
allowed between two vectors, in which zero angle value between two vectors will lead to
the detection of parallel lines. In the implementation, the conditions based on Equation
3.3 and Equation 3.4 are calculated using a cascading structure to improve the sampling
efficiency.
The geometrical properties of ITs have several advantages. First, ITs can be
calculated from any pair of edge points on a circle, resulting in high probability for finding
true circles. Second, the geometrical constrains of ITs can suppress the false-positives
from background noise and unrelated textures. Third, the calculation of the ITs constraints
has low computational complexity for the sampling process. The cascading structure for
ITs constraint can discard many false-positives at an early stage to save computing time
during the sampling. With all these features, the ITs sampling provides distinct shape
discrimination for circles in the image (Figure 3.3A). We verify the algorithm using the
experimental data and compared to the results from a state-of-the-art circle detection
algorithm Isophote, showing the robustness of our algorithm against noise (Figure 3.3B).
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Figure 3.3. A) A demonstration of shape discrimination test. The ITs sampling provides a 2D
distribution of voting for circle center position using a test image at the left upper corner. B) Noise
tolerance experiment using a test image, "Plate". The number of correct and false circles detected
in comparison to the ground truth (8 circles) for different noise levels. The red and purple lines are
extracted data from [24] for comparison. The value σ set the standard deviation of a Gaussian
distribution to control the amount of noise added to the image.

To apply the ITCiD algorithm on DHM holograms, we implemented the algorithm
using a multi-scale strategy. We introduce a coarse-to-fine solution that uses a Gaussian
pyramid in the scale-space, which is used in image processing algorithms to improve both
performance and edge detection accuracy of blurry textures in the image [78]. For
implementation efficiency, we apply down-sampling to the original image to create
multiple images (Figure 3.4A). At each level of scale, we determine the particle positions
from their diffraction pattern in the following way. First, the gradient of the image is
calculated and used to find edges of objects. The positions of edges are converted to a
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binary matrix with the same size as the original image. We then group connected edge
points in the binary matrix as line segments and for each segment we apply the ITs
transform. The ITs transform produces circle center positions with weight values in the
binary matrix. The accumulated weight values at each position in the matrix reveal the
probability of potential circle centers. By fusing all the matrixes from all the scales, the
algorithm generates the final probability distribution (Figure 3.4B). This distribution is
used to find the pixel position with the maximum probability value, which corresponds
to the xy-center coordinates of the diffraction pattern. Note that since not all the concentric
fringes from an object is needed for DHM reconstruction, we used only the center position
provided by the multi-scale ITCiD algorithm to put the object in the center of a template,
while the template size is determined manually with a typical pixel size of 401 × 401 for
computational efficiency.
Overall, ITCiD is a computational efficient algorithm that is robust against Gaussian
noise. Using a multi-scale strategy for detecting the diffraction pattern center is indeed
accurate and fast, able to provide high throughput results in flow chamber experiments of
spherical particles (Section 4.6). This algorithm has been used to detect the diffraction
pattern of some non-spherical object, such as experiments with E. coli (Section 5.5) and
obtained correct estimation of the position following by an extra center refinement
procedure. We explain the refinement procedure for finding the diffraction pattern center
in the following section.

Figure 3.4. Demonstration of center detection using ITs transform and multi-scale strategy. A)
Pyramid representation of images containing a test image with its original size at level 0 and down
sampled image at level 1 and 2. The level of scales is by default set to 3 and we use the original
image and two down sampled images with a factor of ½ and ¼ in both length and width. B) Fused
matrix for potential circle center position distribution based on the voting value calculated by ITs
sampling algorithm from each level. The matrix is normalized by the maximum matrix value.
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3.3

Refinement of the central position of an object

To analyze motion of an object, the center position must be calculated for optimal
accuracy. The accuracy of single particle tracking in a 2D image is limited by both the
algorithm [79] and the spatial resolution of the microscope which depends on the quality
of the optics, the sample size and the illumination wavelength. To improve the detection
accuracy and reach subpixel accuracy, we can refine the lateral position using the
diffraction pattern. There are several algorithms developed for this purpose, e.g., Centerof-Mass (CoM) [80]; Gaussian fitting (GFit) [81]; Cross-Correlation (XCorr) [82] ; and
quadrant interpolation (QI) [83]; and our proposed Circular Symmetry algorithm C-Sym
[84].
The CoM algorithm locates particle centers by using an image "mass" which for
example can be created by applying intensity thresholding to the image to get a binary
mask. This mask separate objects from the background. The objects' coordinates are used
to evaluate the center position. This algorithm is fast and simple, but very sensitive to
noise in the background and light fluctuations [85]. To improve the detection accuracy
and get sub-pixels accuracy, the GFit method is based on approximating the point spread
function (PSF) of a particle with Gaussian functions. It is a practical method used in
fluorescent microscopy data. However, this method is sensitive to changes of the position
of an object in the axial direction in DHM (see Figure 3.1B) and diffraction patterns
cannot be accurately described by a Gaussian distribution.
To obtain subpixel accuracy with a more relaxed constraint regarding the shape of the
object than that from the GFit method, geometrical symmetry can be applied as a criterion.
The XCorr algorithm locates objects by correlating different radial profiles to find the
particle center of symmetry [86]. This algorithm is sensitive to noise and interference
patterns from surrounding particles. The QI algorithm takes advantage of the circular
geometry objects and uses image interpolation to achieve subpixel accuracy. QI requires,
however, an accurate initial estimation of the particle position to perform well. Therefore,
we developed the C-Sym algorithm [84]. Our C-Sym algorithm outperform the QI
algorithm in accuracy and robustness against noise. C-Sym uses correlation analysis to
determine the degree of symmetry at a cost of computing power. In practice, considering
a trade-off between accuracy and computational efficiency, both C-Sym and XCorr
algorithm are used for refining the position for subpixel accuracy in xy-plane.
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4. Object Tracking in 3D
4.1

Image tracking framework

In this chapter, we discuss a general tracking framework which can be used for tracking
particles in 2D and that is able to perform numerical reconstruction using DHM data to
get 3D trajectories. The software workflow consists of the following four major process:
pre-processing; particle center localization; tracking; and DHM reconstruction (Figure
4.1).

Figure 4.1. Block diagram of the workflow (light green column) and the class modules (grey
column) for our 3D tracking software using DHM.

4.2

Pre-processing

The normalization procedure is a pre-requisite for processing the holograms using DHM.
To reduce significant amount of noise in the hologram (Figure 4.2A), the background
normalization is calculated by dividing pixel values in the hologram with corresponding
values in a background image (Figure 4.2B) and then rescaling the pixel values from 0 to
1 (Figure 4.2C). To ensure numerical stability by avoiding division by zero, all intensity
values in the background image are increased by a small amount, 1% of the maximum
intensity. By using normalization, the processed image contains concentric diffraction
rings with higher contrast than those from the original hologram, making the detection of
diffraction pattern much easier and more efficient. In practice, the background image is
created by averaging time-series holograms in a ROI containing moving objects, e.g.,
objects move in a fluidic chamber under the flow or Brownian motion of objects
suspended in a fluid.
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Figure 4.2. A) Original hologram, B) background hologram averaged over 200 frames and C)
the corresponding normalized hologram. All the holograms are generated at wavelength 491 nm
containing E. coli cells.

4.3

Particle center localization

An object is found by the ITs sampling algorithm and the refinement algorithm described
in the previous chapter. The pattern of the object needs to be saved and centered in an
image template. Since this template is used for numerical reconstruction in our framework,
the major concerns for template size is the trade-off between computing performance and
accuracy. In general, with a large template, the artifacts from the shape of template during
the numerical reconstruction process can be ignored. However, the time needed for
calculating reconstructed holograms will grow M2 as the size of the template M grows. In
practice, to achieve 1 µm axial direction accuracy and reconstruct 100 holograms ranging
from 1 to 100 µm within 1 second, we choose a typical 401×401 template for
reconstruction using a computer with an Intel® Core™ CPU i7-4770 processor.

4.4

Tracking

The tracking of each individual object is performed in 2D using time-series video frames
recorded by the camera. The tracking in DHM refers to tracing the 3D trajectory of an
object center in each frame. To acquire the trajectory correctly, the major difficulty is to
make sure the same object is tracked even if other objects nearby have almost the same
appearance. To ensure correct tracking, we use the Hungarian method with a Kalman
filter, which provides the optimum assignment for multiple object tracking [87]–[90]. For
example, assuming two objects are identified in the hologram, the Hungarian method can
assign newly detected positions to these two identified objects. If there are two detections
available, it is possible that two detection results are assigned as new positions for the two
identified objects respectively if certain conditions are fulfilled. Depending on the
implementation, these conditions set the validity of, e.g., the distances, shape and
previous speed of objects, to allow a detection result to be assigned to an identified object.
Moreover, if an identified object is left without a valid detection, we need to predict its
position based on previous information. To achieve robust prediction, the Kalman filter
uses previous trajectory information to estimate the new position of an object based on
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assumptions of object's speed and acceleration in the image. In practice, the Kalman filter
is efficient in tracking particle and cells that move with a constant velocity [89]. However,
robust prediction of the Brownian motion of an object will lead to the stochastic particle
tracking methods, which is not included in the scope of this thesis. For objects undergoing
Brownian motion in a fluid, we increase the framerate of the camera and make sure the
diffraction pattern detection gets valid results for very frame during the tracking. In the
case when no detection results are available, we apply a simple template matching based
on 2D cross-correlation of the object pattern and a local ROI in the new frame around a
previously detected object center.

4.5

Numerical intensity reconstruction

After acquiring a hologram template with an object located at the center, the numerical
reconstruction is applied to help estimate the object position in the axial direction and
thus allow 3D tracking of the object. We implement the Equation 2.10 to obtain a stack
of 2D intensity holograms from single template. To estimate the z position of an object,
these intensity holograms are created using a fixed step size and a fixed z distance range,
e.g., 100 holograms are created for PS particles with a diameter of 1 μm using 1 μm step
size from 1 to 100 μm in the axial direction. With sufficient number of holograms, the
object position along axial direction can be estimated by finding the position of intensity
maximum along the center position of holograms. The estimated position is essentially
the focus of wave intensity by the object. It is a relative distance between the detector and
the focus created by the intensity information of the hologram. Although the absolute
distance between the object to detector is unknown, the difference of relative distances
Δz estimated from one frame to the next can be used with the 2D tracking result to reveal
the 3D trajectory.
To accurately determine the object motion, we need to verify our estimated trajectory
to the real motion of the object and evaluate the accuracy of estimated positions. We
conducted a calibration experiment using 1 µm PS particles immobilized on the bottom
of a coverslip in the measurement chamber. In detail, we first found stationary particles
on the coverslip. Then we controlled the piezo actuators and performed a 1D scan along
the z axis, covering a range between -50 µm to 50 µm (Figure 4.3A) around the
immobilized particles on the coverslip with a step size of 1 µm. At each piezo stage
distance we acquired holograms and estimated the reconstructed distances (Figure 4.3B,
spherical data points). The results show an excellent agreement between the 1 µm piezo
stage step size with the estimated step size in-between two consecutive reconstructed
distances.
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Figure 4.3. A) Demonstration of various positions of the sample during a 1D scan in the axial
direction. In the top image, the sample is positioned between the objective and image plane. During
the scan, the sample is moved through the image plane (middle), approaching its final position with
the image plane located between sample and objective (bottom). The latter scenario corresponds to
the classical in-line digital holography. B) Reconstruction of the focal distance for 1 µm PS particles
from experimental data acquired at 200 Hz. The reconstructed focal distance (blue data points)
shows a linear relationship (black line, slope = 0.99, R2 = 0.99) with the piezo stage distance. Even
for a scenario in which the image plane is positioned between light source and particle,
UmUTracker reconstructs the particle height correctly (red data points, yellow line) showing again
a linear behavior (slope = -1.03, R2 = 0.99).

In colloidal particle tracking experiments, we implemented our algorithms in
MATLAB that utilized GPU based parallel computing. However, the reconstruction using
angular spectrum method in Equation 2.10 was still a rather slow process, which is not
practical for tracking of multiple particles. Thus, we made a fast implementation of the
reconstruction algorithm by using the symmetry feature of spherical particles. In this case,
the reconstruction is accomplished with the Rayleigh-Sommerfeld model that uses only a
1D radial intensity profile. This intensity profile is resampled using polar coordinates with
its origin at the particle center. In the resampling process, sampling points are spaced by
Δradi and Δang, representing the minimum steps in radial and angular dimensions,
respectively. At each sampling point, the intensity value is calculated using linear
interpolation of two values at neighboring grid points in dimension x and y, respectively.
After resampling, intensities over all angles at each radial step are averaged and the
intensity profile I p (radi,0) of a particle from its center to a certain radius radi is created.
In this process, noise and interference from nearby particles can also be reduced by means
of averaging of diffraction pattern in the radial dimension. Finally, a symmetrical radial
intensity profile is created by connecting the intensity profile with its mirror counterpart.
Subsequently, according to Equation 2.10 and the 1D radial intensity profiles, the
reconstruction of intensity at symmetrical particle center is determined by,
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(4.1)

where R is a pixel index for radius ranging from −𝑀𝑀⁄2 to 𝑀𝑀⁄2 and M is the total
number of resampling steps. By applying the dimension reduction above, the
computational cost for intensity reconstruction of particles can be reduced significantly.

4.6

Fluidic flow profiling

Velocimetry techniques can be used for measuring fluid velocity. We realized a 3D
particle tracking velocimetry method by combining multiple-object tracking in 2D and
numerical intensity reconstruction to determine the z position of an object. Using this
method we conducted experiments for micro-fluidic flow profiling.
We analyzed the flow profile in a rectangular microfluidic chamber by tracking the
velocity of 1 µm particles moving at different heights in the flow. For this purpose, we
use a commercially 28 mm × 400 µm × 100 µm (length, width, height) microfluidic biochip. We analyzed a 150 µm × 150 µm × 100 µm (x, y, z) volume using the hologram
recorded in the xy-plane ~5 µm below the bottom surface (Figure 4.3A and a positive
stage distance value). The particles were under a constant and reproducible fluidic-flow
with flow rate of 26 ± 2 nL/s in the x-direction using a microfluidic pump equipped with
a 10 µl pipette. We sampled holograms using a camera set at a frame rate of 200 Hz.
To visualize the flow cross section perpendicular to the flow in the x-direction, we
collected all trajectories of tracked particles and calculated their mean position in
directions y and z (Figure 4.4A). The speed in the x-direction vertical to this cross section
was calculated by taking the distance between the first and last position divided by the
travelling time for each trajectory.
We found that the flow velocity ranges from 10 µm/s to 1050 µm/s for particles close
to the bottom cover slip and for particles moving in the center of the flow chamber (Figure
4.4A, blue and red data points), respectively. By fitting the velocity in the x-direction
along the z axis with a polynomial of second order, the result confirms the parabolic shape
which is expected for a laminar Poiseuille flow (Figure 4.4B, dashed red line). It must be
mentioned that only data points below a reconstructed distance of 55 µm are considered
for fitting (Figure 4.4B, blue data points), since above this height we observed a
pronounced uncertainty in our measurement results. This can be explained by the fact that
diffraction patterns for particles far away from the image plane produce only diffusive
diffraction patterns, reducing the accuracy of the reconstruction routine (Section 4.5).
Additionally, the diffraction pattern of fast moving particles in the flow center are blurred
and extended in the moving direction.
To verify our flow data and its velocity profile, we used computational fluid dynamic
(CFD) simulations. Since the experimentally determined flow rate was 26 ± 2 nL/s, we
conduct the simulations for a mean flow rate of 26 nL/s and for the two extreme values,
that is, 24 nL/s and 28 nL/s (Figure 4.4B, light blue line and grey area). With a maximum
flow velocity of 1150 mm/s the simulation result for 26 nL/s overestimates the
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experimental value by 3 %. Therefore, our flow data are better described by simulations
assuming a flow rate of 24 nL/s. Furthermore, the experimentally reconstructed flow
chamber height exceeds the specifications from the supplier by approximately 5%. Both
deviations in maximum flow velocity and chamber height can be attributed first to a slight
misalignment of coordinates between sample stage and camera in the experimental setup.
Second, due to the motion blur the algorithm overestimates reconstructed distances in
axial direction for fast moving particles and for those far away from the image plane.
Despite these deviations, our result shows the correct flow profile in a microfluidic
channel over a height range of approximately 55 µm. Comparing to the depth of field of
60×/1.40 objective, the DHM technique allow auto focus to extend depth of field by a
factor above 100. Furthermore, we received decent agreement between measured and
simulated flow profile, proving that characterization microfluidic flows using DHM is of
high accuracy.

Figure 4.4. Microfluidic flow profiling. A) presents sampling coordinates at averaged reconstruct
distance (z direction) and averaged y positions (horizontal direction which is not the flow direction)
for each of the trajectory. The color code represents the averaged flow velocity at different heights.
B) presents the flow profile in axial direction. Samples of averaged velocity at different axial
positions are marked as dots regardless of color. A second order polynomial function is fitted to the
samples (R2 = 0.93) in blue as dashed red line and the simulation results using CFD is presented in
light blue line with error margins in grey.

Next, we applied our algorithm to fluid velocity profiling of a customized flow
chamber. In this case, we fabricated a flow chamber using polydimethylsiloxane (PDMS)
on a coverslip with a semi-elliptical cross section [91]. During the measurement, we
created a constant and reproducible volumetric flow rate of 16 nL/s. We positioned the
image plane ~5 μm below the bottom coverslip and analyzed 1500 particles in a 272 μm
× 272 μm × 60 μm (x, y, z) volume. To visualize the flow profile in a cross-section
perpendicular to the flow in x-direction, we interpolated the discrete point cloud to obtain
a homogeneous surface representation without changing the information content and
color-code the data according to the particle speed (Figure 4.5A). For the used flow rate,
the flow velocity ranges from 39 μm/s to 1766 μm/s for particles close to the channel
walls and particles moving in the center of the flow chamber, respectively.
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Figure 4.5. Micro-fluidic flow profiling of a customized flow chamber. A) presents the flow profile
of a cross section perpendicular to the flow direction. The color code represents the averaged flow
velocity. B) presents deviation between measured and theoretical flow profile inside the channel.
We obtain best agreement in the channel middle (blue data points), whereas on the channel walls
bigger deviations occur (red data points).

To assess the deviations between measured flow profile and its theoretical prediction,
we determined the molded channel dimensions using light microscopy and obtain a
channel width of 380 ± 1 µm and a channel height of 61 ± 7 µm. Using these channel
dimensions and a volumetric flow rate of 16.7 nL/s, we calculated the theoretical flow
speed in a semi-elliptical flow channel [92] and computed its deviation to the measured
particles. This deviation was calculated using the mean position and velocity of each
particle trajectory. We find best agreement with an average deviation of 5–10% for the
center part of the channel (Figure 4.5B, blue data) and a discrepancy of 30–50% close to
the channel walls and channel bottom (Figure 4.5B, yellow and red data points). Partly,
we attribute these deviations to an imprecise particle localization using DHM. Particle
tracking and especially intensity reconstruction to determine z position close to (near the
channel bottom) and far away from (heights > 40 µm) the image plane, becomes errorprone. Further, the deviation between the theoretical and experimental velocity profile
can be explained by the fact that the real channel cross section is only approximately
semi-elliptical. Thus, in the regions close to the channel walls the relative error becomes
large as the theoretical velocity profile tend to zero while the experimental does not.
Another contribution to the deviation originates from the channel shape itself. Due to its
semi-elliptical shape the channel acts as a weak lens. However, the ratio between
refractive indices of the water filled channel and PDMS is only 0.95, thus the deviations
caused by the lensing effect are only minor. Despite these discrepancies close to the
channel walls, we find excellent agreement in measured, 1766 µm/s, and calculated
maximum flow velocity, 1835 µm/s, i.e., only a 4 % difference. Consequently, the
proposed 3D particle tracking velocimetry method provides a reliable approach to profile
a microfluidic channel.
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5. Multiple-Wavelength Approach
5.1

Defining the object plane in DHM

In the previous chapter, we used the reconstructed hologram intensity to determine the z
position of an object. This method requires that the object should focus light as a small
lens. Similarly, object positions are determined by setting a focus detection criterion using
either the intensity [93] or phase information [51] from the reconstruction process. To
further improve the detection, K. Taute, et al. developed a high-throughput tracking
system by fitting out-of-focus diffraction pattern with pre-recorded images at different
positions [94]. N. Verrier, et al. use the Lorenz-Mie theory of light scattering to track
colloidal particles with nanometer accuracy [95]. A. Wang, et al. used a discrete-dipoleapproximation approach and obtained quantitative information of bacteria [96]. However,
these methods require the pre-knowledge about the shape of the object and to determine
the positions one need to essentially fit patterns generated from a well-defined model to
experimental data. Thus, it is not practical to apply these methods to track bacteria with
deformation or variation in shape. To address this problem, we developed a new multiplewavelength method that use general criteria to detect the axial position of objects of
various shapes. This method also allows for phase retrieval using in-line DHM and detects
the distance from object plane to detector.
First, we recall the situation of a wave passing through an object. We define the object
plane as a lateral plane where an object is simplified as a 2D shape and the axial position
of this plane is set Z = 0 in our coordinate system. In this plane, according to Equation
�𝑅𝑅 (𝑋𝑋, 𝑌𝑌, 0) representing
2.1 the hologram contains information of a reference wave 𝑈𝑈
�
illumination of parallel wavefronts and an object wave 𝑈𝑈𝑂𝑂 (𝑋𝑋, 𝑌𝑌, 0) representing the
scattered light passing the object.
�𝑅𝑅 (𝑋𝑋, 𝑌𝑌, 0) + 𝑈𝑈
�𝑂𝑂 (𝑋𝑋, 𝑌𝑌, 0)�2
𝐻𝐻(𝑋𝑋, 𝑌𝑌, 0) = �𝑈𝑈
�𝑅𝑅 (𝑋𝑋, 𝑌𝑌, 0) �1 + 𝑂𝑂�(𝑋𝑋, 𝑌𝑌)�
≈ 𝑈𝑈

(5.1)

where the scattered component is defined by a transmission function [43] 𝑂𝑂�(𝑋𝑋, 𝑌𝑌) =
𝑒𝑒 −𝑎𝑎(𝑋𝑋,𝑌𝑌) 𝑒𝑒 𝑖𝑖𝑖𝑖(𝑋𝑋,𝑌𝑌) , where a is the object absorption coefficient and Φ is the phase shift
caused by the object. Although the phase information in the detector is lost, by using the
spatial information of the diffraction pattern, the phase information can be recovered by
the Gerchberg-Saxton algorithm [97]. In the following section we present a novel
algorithm using multiple-wavelength holograms and a modified Gerchberg-Saxton
algorithm to recover the phase Φ and show how this information is used for detecting the
object plane.

5.2

Multi-wavelength Gerchberg-Saxton algorithm

To illustrate the basic concept of object plane detection and phase retrieval using the
multi-wavelength Gerchberg-Saxon algorithm, we use a two-wavelength scenario for
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simplicity. Note, the method can easily be expanded using several wavelengths [98]. First,
the phase Φ(x, y) in the object plane can be estimated as,
2𝜋𝜋
[𝑛𝑛 (𝜆𝜆) − 𝑛𝑛𝑚𝑚 (𝜆𝜆)]ℎ(𝑥𝑥, 𝑦𝑦)
𝛷𝛷(𝑥𝑥, 𝑦𝑦) =
(5.2)
𝜆𝜆 0

where h(x, y) is the object thickness, n 0 is the refractive index of the object and n m is the
refractive index of the surrounding medium. In the following, we assume a constant,
wavelength-independent refractive index for the object and its surrounding medium. With
this assumption, the phase for an object at two different wavelengths λ 1 and λ 2 can be
related by,
𝛷𝛷1 (𝑥𝑥, 𝑦𝑦) 𝜆𝜆2
=
(5.3)
𝛷𝛷2 (𝑥𝑥, 𝑦𝑦) 𝜆𝜆1
Therefore, if the phase information is correctly retrieved in the object plane, we expect
a high similarity between Φ 1 (x, y) and Φ 2 (x, y) scaled by 𝜆𝜆2 /𝜆𝜆1 .

Figure. 5.1. The work flow of the multiple-wavelength Gerchberg-Saxton algorithm simplified for
two wavelengths. Arrows indicate the direction of data flow in the algorithm. For each iteration,
the wavefront propagates back and forth in-between the detector plane and a potential object plane
twice.

To correctly retrieve phase information using holograms acquired at multiple
wavelengths, we developed a method based on the Gerchberg-Saxton algorithm (Figure
5.1). At the first iteration, we input the holograms intensity H 1 (x, y) and H 2 (x, y), acquired
at different wavelengths in the detector plane. Since the detector cannot record phase
information, we assign to the initial phase Φ randomized values, e.g., we apply noise to
all pixels from a normal distribution with zero mean, standard deviation of 0.01, and
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maximum phase value of 0.01 rad. After setting the values for the phase, we obtain an
initial wavefront U(x, y, z) and numerically propagate the wave to a potential object plane
at wavelength λ 1 . In the potential object plane, the reconstructed wavefront U O1 (x, y, z)
is processed by using a Wiener filter to reduce noise in the phase Φ O1 followed by an
unwrapping algorithm [99]. Subsequently, we update Φ O2 with the unwrapped Φ O1
multiplied by λ 1 /λ 2 . The amplitude A O2 is set equal to A O1 . Based on A O2 and Φ O2 we
calculate the propagation of this wavefront at wavelength λ 2 to the detector plane and get
the wave U D2 (x, y, z). A similar procedure is repeated by first replace the amplitude A D2
in U D2 (x, y, z) with the squared root of H 2 (x, y), and then propagating the wave at
wavelength λ 2 to the object plane and then propagating back to the detector plane at
wavelength λ 1 . The second iteration is the same as the first, except the Φ is updated
iteratively in the process.
This algorithm can be extended to three (or more) wavelengths to utilize the RGB
channels of a CCD camera. In the three-wavelength case, we set the multiple wavelengths
iterative phase retrieval procedure by starting from wavelength λ 1 to λ 2 , λ 2 to λ 3 , and
going back from λ 3 to λ 2 , finally reaching λ 1 to start another iteration.
In the algorithm, we iteratively update both the amplitude and phase at the detector
plane and at a potential object plane. We denote the distance between the detector and a
potential object plane as z. To achieve stable amplitude and phase values at the potential
object plane, we apply a fixed number of iterations, typically 20, until our convergence
condition calculated from the sum of squared error between H 1 (x, y) and the square of
A D1 is below a threshold value. To find the correct object plane among potential planes,
we use the input holograms and compare it with the updated amplitude reconstructed in
the detector plane. If the two amplitudes are similar it is plausible that we have found the
correct object plane. In the algorithm, this is realized by comparing the square of A D1 and
A D2 with H 1 (x, y) and H 2 (x, y), respectively, using the score S D at each detector-object
distance z as,
𝑛𝑛𝑤𝑤

1
𝑆𝑆𝐷𝐷 (𝑧𝑧) = � 𝐶𝐶𝐶𝐶𝐶𝐶 [𝐻𝐻𝑖𝑖 , 𝐴𝐴2𝐷𝐷𝐷𝐷 ],
𝑛𝑛

(5.4)

𝑖𝑖=1

where Cov(H, A) is the covariance of matrix H and A, and n w the number of wavelengths
used for reconstruction. A high score value corresponds to similar amplitudes, but it also
indicates that the reconstruction of amplitude and phase has a high accuracy. In addition,
based on our similarity assumption in Equation 5.3 we also check if the obtained phases
from different wavelengths at a potential object plane are similar to each other by defining
a similarity score S O ,
𝑆𝑆𝑂𝑂 (𝑧𝑧) = 𝐶𝐶𝐶𝐶𝐶𝐶[𝛷𝛷𝑂𝑂1 , 𝛷𝛷𝑂𝑂2 ],

(5.5)

where the unwrapped phase distribution Φ O1 (x, y) and Φ O2 (x, y) are related to respective
wavelength, λ 1 and λ 2 . For multiple wavelengths, S O is a sum of covariances of all 2combinations from n w wavelengths. S O is defined to be large when two phase
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distributions are similar. In our implementation, we assign a weight w on S D and 1-w on
S O , the similarity index S is given as,
𝑆𝑆 = 𝑤𝑤‖𝑆𝑆𝐷𝐷 ‖ + (1 − 𝑤𝑤)‖𝑆𝑆𝑂𝑂 ‖.

(5.6)

Depending on the noise level and the contrast in a hologram, w is tuned from 0 to 1
and S i sets the values in S i ranging from 0 to 1. In practice, for holograms acquired at low
noise level, e.g., the synthetic data containing noise only from the hologram
reconstruction process, w is set to 1. For noisy conditions and low contrast, e.g., the
hologram of an E. coli, w is set to 0.5.

5.3

Phase reconstruction

Since detecting object plane position is closely related to both the amplitude and phase
retrieved from our method, we demonstrate its ability to extract accurate phase
information from a noisy, single-shot hologram. We conducted the verification by
evaluating the phase at the object plane and compared the results with the ground truth
values as well as results from a multi-height phase retrieval method using 8 holograms
with in-line DHM setup [46], [100].
We first analyzed the synthetic holograms for PS particles, E. coli and RBCs using
our proposed method. We retrieve phase information using single holograms at a fixed
object-detector distance z = 10 μm for three wavelengths and compared the obtained
values with the ground truth generated from the simulation (Section 2.5). For PS particles
and E. coli cells, our multi-wavelength Gerchberg-Saxton algorithm achieves a 99%
agreement with the ground truth after 100 iterations. However, for RBCs we achieve the
same accuracy for after 500 iterations due to their size and complex structure.
Second, we acquired a single hologram at z = 10 μm using the RGB-DHM setup
(Section 2.4), and we extract the phase information for PS particles, E. coli cells and
RBCs and compare these values to the reference phase from the simulation data. To
further verify our multi-wavelength Gerchberg-Saxton algorithm, we compared the
obtained phase values to the results from a well-established multi-height method [46]
[100]. This method estimates the phase information by analyzing single wavelength
holograms acquired at various heights along the optical axis. For that purpose, we
measure holograms with their detector-object distance ranging from the object focus up
to 40 μm with a step size of z = 5 μm at a fixed wavelength of λ blue = 491 nm.
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Figure 5.2. Comparison between phase retrieval results for A) PS particle, B) E. coli and C) RBC
generated by using 1) the multi-wavelength Gerchberg-Saxton method and 2) the multi-height
method; 3) shows the sampling of the phase profile. The green solid and dashed blue lines
corresponds to our method and the multi-height method. Note that both methods used 100 iterations
to obtain results for PS particle and E. coli data. For the RBC data, we used 200 iterations with our
method. The green dashed dot line in C3 show results from our method using 100 iterations. We
demonstrate here only a single image channel corresponding to a wavelength at 491 nm. The red
dotted line represents the reference phase distribution from simulations for a PS particle, an E. coli
cell and one RBC with a maximum phase value of 3.51 radian, 0.64 radian and 2.36 radian,
respectively.

For PS particles, our proposed algorithm reveals a maximum phase value Φ PS,λ = 2.89
± 0.41 radian, while the multi-height method produces Φ PS,h = 2.97 ± 0.39 radian (Figure
5.2A). In total, we analyzed 15 samples to get statistically reliable results and we use for
each sample 100 iterations to extract the phase values. Compared to the phase value
obtained in simulations, the two methods underestimate the maximum phase by ~18%
(multi-wavelength) and ~15% (multi-height), respectively. We attribute this deviation to
noise in the acquired holograms and to deviations in diameter of the used PS particles.
However, more importantly, the result from our multi-wavelength Gerchberg-Saxton
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algorithm differs only ~3% from the multi-height approach, despite analyzing only a
single hologram acquired at three wavelengths.
Next, we evaluated the phase information of 12 E. coli cells and 12 RBCs (Figure
5.2B-C) and compared the obtained values to the reference phase from simulations.
However, due to variations in the object's shape, orientation and tilt, the simulation value
might differ and is presented only as a reference. Nonetheless, the reconstructed phase
information using our multi-wavelength approach (Figure 5.2B, solid green line) and the
multi-height method (Figure 5.2B, dashed blue line) reproduce the phase distribution for
E. coli similar to the reference phase, by deviating in average ~10% (multi-wavelength)
and ~6% (multi-height) from the simulated maximum phase value. For 100 iterations the
phase difference between both methods are only ~4%.
For RBC data, we initially use 100 iterations and obtain a maximum phase Φ RBC =
1.89 ± 0.39 radian (multi-wavelength) and Φ RBC = 2.49 ± 0.65 radian (multi-height).
However, in this case our proposed algorithm underestimates the reference phase from
simulation by ~20% (Figure 5.2C3, green dash dotted line) and the phase from the multiheight approach by ~5% (Figure 5.2C3, blue line). This discrepancy can be resolved by
doubling the iteration number during phase retrieval, resulting in a maximum phase of
Φ RBC = 2.37 ± 0.72 which underestimate the reference phase by ~1% (Figure 5.2C3, green
solid line).
Phase reconstruction results using the in-line DHM method show that the number of
iterations can be increased for better accuracy to retrieve the phase. However, for object
plane detection, we found that a few iterations, e.g., 20 iterations, are sufficient for
detecting the position of an object correctly.

5.4

Object plane position detection

To validate the capability of our multiple-wavelength Gerchberg-Saxon algorithm to find
the object plane position for objects of different shapes and index of refraction at various
heights, we analyzed synthetic holograms for PS particles, E. coli cells, and RBCs (Figure
5.3A1-C1). To find the correct object plane position z o relative to the detector, our
algorithm calculates the similarity index S (Equation 5.6) along the z direction using the
reconstructed, unwrapped phase information (Figure 5.3, middle column). For that
purpose, we choose manually the searching range along the z direction to be [0 60] with
a step size of 1 μm for the algorithm. After evaluating holograms at various distances
from the detector, we determine the relative object plane position z o by finding the
maximum value of the similarity index S along the optical axis and plot this value against
its ground truth from the simulation (Figure 5.3, right column, blue crosses). For better
visibility, we plot z o only for discrete steps of 5 μm.
For all three test objects, we find a linear relationship between z o and its ground truth
value z object from the simulation (Figure 5.3, right column, black lines). From the slope of
the linear regression Δz, we gain a height difference between two subsequent object planes
of Δz PS, sim = 1.02 ± 0.02 μm (PS) and Δz E. coli, sim = 0.98 ± 0.01 μm (E. coli), showing
agreement with the step size parameter set in our simulations. In case of the RBC our
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algorithm estimates the step size parameter from the slope of the linear regression Δz
=1.00 ± 0.01 μm in a detector-object range from [5 20] μm, and Δz = 0.92 ± 0.02 μm in a
detector-object range from [5 40] μm. We attribute this underestimation to problems with
the phase unwrapping after the reconstruction process. If an object causes a phase delay
bigger than 2π, the phase unwrapping becomes error-prone. Consequently, the signal-tonoise ratio for the similarity index S is low (Figure 5.3, RBC, middle column), leading to
a less accurate object plane detection. Therefore, for our proposed algorithm we estimate
the maximum object height for a wavelength of λ = 491 nm to be: h PS = 1.79 μm, h E. coli
= 9.82 μm and, h RBC = 7.01 μm. To enhance the performance of our algorithm for objects
close to or bigger than these maximum values, we recommend using a higher optical
magnification for simulations and experiments, since higher spatial resolution in the
acquired hologram ensures accurate phase reconstruction, minimizing error from phase
unwrapping. For this reason, we use a 90× magnification for simulations and experiments
involving RBCs.
To validate our simulation results experimentally, we acquire holograms for PS
particles, E. coli cells and RBCs using our multiple-wavelength in-line DHM setup. In
detail, we first focus on an immobilized object on the coverslip z = 0. Next, we perform
a 1D scan along the optical axis, covering a range from [0 50] μm with a step size of
Δz piezo = 1 μm. At each height, we acquire at least one hologram (Figure 5.3, A2-C2).
From these holograms, we reconstruct, similarly to our simulations, the intensity and
phase information, and estimate the similarity index S along the optical axis to determine
z o . In total, we analyzed 15 PS particles, 12 E. coli cells and 12 RBCs to achieve
statistically reliable results.
For PS particle, E. coli cells and RBC, we found over the entire scan range a linear
relationship between z o and piezo stage position z piezo (Figure 5.3, right column, open
green spheres). From the slope of the respective linear regressions, we determine mean
height difference between two subsequent object planes to: Δz PS, exp = 1.02 ± 0.01 μm,
Δz E.coli, exp = 1.00 ± 0.04 μm and, Δz RBC, exp = 0.99 ± 0.09 μm, matching the step size of
the piezo stage.
Comparing these results to that from Section 4.5 using single wavelength holograms,
our multi-wavelength method can provide correct axial positions at a reconstruction step
of 1 μm for 1 μm diameter PS particles as well as cells. The single wavelength method
for tracking of E. coli is not accurate due to the high noise level in the reconstruction
process from the ‘twin image’ problem and low contrast holograms. Since the algorithm
also needs very accurate center detection in xy-plane in order to get correct estimation of
z-position, it requires the diffraction pattern with concentric rings. This condition is not
always valid for a capsule shaped E. coli that can change its orientation to the plane of
the detector. On the other hand, the multiple-wavelength method uses phase information
to improve the reconstruction and obtained less noise. Moreover, the criteria for
determining axial position in the multi-wavelength method are more robust and thus
detections of axial distances from the detector (or image plane of the detector) to the
object with various shape are possible. Further, since the three wavelengths are chosen to
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have minimum cross-talk among the channels of our RGB-CCD, it is possible to record
images at kHz framerate. In the following section we demonstrate high-speed framerate
tracking of multiple cells using this multiple-wavelength approach.

Figure 5.3. Synthetic and measured RGB holograms for a 1 μm PS particle, an E. coli, and a RBC
acquired 10 μm from the detector plane. Middle column. Object plane detection using the similarity
index S independent of the searching range along the z direction. Each peak corresponds to a relative
object plane position z o . Right column. Comparison between detected object plane position z o and
its respective ground truth z object or z piezo . In each case, we obtain a linear relation with a slope
around Δz = 1 μm (coefficient of determination R2=0.99), proving that our algorithm can accurately
find the object plane for samples with various shape, size and index of refraction.
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5.5

Tracking of cells using multiple-wavelength in-line DHM

According to the object plane detection results, we can apply our algorithm for tracking
suspended bacteria in a water solution. An example of this is presented in Figure 5.4. First,
we apply background normalization to reduce the noise in the hologram (Section 4.2).
Then, we track the position in 2D using our multi-scale ITs sampling algorithm (Section
3.2). Finally, to get the axial position we use the reconstruction algorithm for multiplewavelength holograms (Section 5.2).

Figure 5.4. The 3D trajectory of a piliated E. coli assessed using multiple-wavelength in-line DHM.
Data is recorded with a frame rate of 1kHz. 17 770 frames were analyzed for ~10 s in time. The
analysis provides submicro accuracy in x, y and z direction.

We performed Brownian motion analysis in low Reynolds number condition to
estimate the diffusion constant D by calculating the mean square displacement (MSD)
[68], [101]. For 3D trajectories, the relation between diffusion constant and MSD is:
MSD(△t) = 6D△t. For example, we calculated the diffusion constant to D = 0.05 ± 0.01
µm2/s for this non-motile cell located in a stationary liquid. Note that the diffusion
constant obtained from a 1 µm PS particle was D PS = 0.45 ± 0.01 µm2/s (Paper V). The
theoretical calculation indicates that the diffusion constant estimated from this fimbriated
cell is the same as an equivalent spherical particle with a diameter of 9.3 µm. This
equivalent particle is larger than the size of the cell where the cell length was 2.9 ± 0.2
μm and cell width was 0.8 ± 0.2 μm measured from the image. The result from this type
of measurement can be used to support our study of determining the presence of pili on a
bacterium as in Paper II. However, in this case, the shape of the cell must be measured as
a pre-requisite to obtain correct results for distinguishing piliated and nonpiliated bacteria.
Since the cell shape plays a very important role in many applications, e.g., it is used
when estimating fluid forces on bacteria in a microfluidic flow chamber (Paper VII),
tracking and image processing to extract cell morphology data is valuable. In the next
chapter, we explain how to apply image segmentation methods to find the cell shape,
extract backbone structures and estimate a bacterium's rotation.
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6. Image Segmentation and Applications
6.1

Overview of image segmentation methods

If the object position and the distribution of phase information are estimated using in-line
DHM imaging, the morphological properties of the object can be addressed using the
reconstructed hologram at the object plane. In this chapter, we discuss basic image
segmentation methods and introduce our segmentation algorithm for extracting backbone
structures and to estimate the object's rotation.
Existing algorithms for finding object shape are mainly based on the analysis of single
image. The adaptive thresholding [102] is a common method which requires no preknowledge of the objects and can handle significant uneven intensity distribution in the
image. A multiple thresholding method have been implemented for analyzing the shape
of E. coli [103]. However, due to its simplicity, this algorithm produces results with a lot
of noise and irregular shapes, and an extra smoothing algorithm is needed to reduce the
segmentation artifacts. Level-set with fast-marching is a swift implementation of active
contour algorithm that can handle the topological changes of an object [104], [105]. The
results from active contour algorithms have smoother boundaries than that from the
adaptive thresholding method. This feature makes it easier to use the morphological
thinning operation to extract the skeleton structure, and to estimate the rotation of object
from the segmentation results. However, the segmentation results are dependent on the
initial seed points or area selected by the user, and the segmentation areas are restricted
to local regions. The watershed-based approach [106] is a popular algorithm for finding
an object's contour. An advantage with the watershed transform is that it can separate two
different objects that are touching each other. However, the drawback is the oversegmentation that makes merging of small fragments into an object very difficult.
Research programs and software packages are also available for segmentation using
single image or time-series data. CellX [107] is a powerful program for cell segmentation
and optimized for objects with a clear membrane. We find however, that for objects with
filamentous shape, the program cannot find seed points correctly and thus the
segmentation results are incorrect. TLM-Tracker [108] is capable of tracking objects
using time-lapse data only after objects have been segmented. However, the segmentation
is an independent process to tracking. The results from this software are equally good as
applying the geodesic active contour [105] segmentation algorithms alone.
To address the problems of finding object contours using time-lapse data and to
improve the robustness of the algorithm against noise using constraints of size, edge
intensity and growth rate, we develop our image segmentation algorithm by combining
thresholding with a fast binary level-set method [109] which is modified to adapt to timeseries data for image segmentation, and for extracting a backbone structure. The
algorithm can provide robust segmentation results against noise for single object and can
handle background changes between frames as well as bacterial shape deformation.
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6.2

Level set method for time-varying objects

E. coli and S. coelicolor cells are important laboratory strains used for numerous
experiments, and understanding their morphology and extracting their features are
important to shed light on cellular mechanisms. Extracting their features however,
requires a robust image segmentation method that can handle low contrast images,
growing regions, and cell branching. A simple approach to segment an object is to use
thresholding. The thresholding value can be set automatically by using a global image
thresholding approach, e.g., the Otsu's method [110]. However, images acquired in a
microscope often differ in quality due to uneven illumination and noise from the imaging
system making segmentation difficult. In addition, results from automatic thresholding
can be inaccurate due intensity fluctuations, uneven contrast of the object, and
quantization errors of the image. Therefore, thresholding can only be used as a pre-step
for image segmentation and feature detection if high quality results are to be obtained.
A more robust step to segment a cell is to use the level set method. We developed a
modified binary level set method to handle morphology changes of cells using size
constraints and past information of growth. The workflow of our binary level set method
is shown in Figure 6.1 and details of the algorithm can be found in the supplementary
materials of Paper IX.

Figure 6.1. Illustration showing the workflow of the level set method for image segmentation.
Dashed arrows relates demonstration images of processed data in each segmented step. Solid arrow
indicate the flow of data in the algorithm.
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First, we use the intensity of an image I(x, y) and apply thresholding to get a binary
image B (x, y) of the object shape as initial status for the level set method.
Second, we define a surface ϕ(x, y) to be used for segmentation. To explain the level
set technique, we recall the thresholding process which sets a value to the image intensity
and get segmented pixels if the pixel values are above the thresholding value. Similarly,
the surface is associated with the Image I(x, y) and pixels values above 0 indicates the
area of the object. However, it is important to design the algorithm to adjust the surface
so that this surface can represent the shape of the object. We introduce a discrete
formulation of the level set function to explain how a surface is evolved from an initial
shape to the shape of the object by,
𝜙𝜙𝑗𝑗+1 (𝑥𝑥, 𝑦𝑦) = 𝜙𝜙𝑗𝑗 (𝑥𝑥, 𝑦𝑦) + |𝛻𝛻𝛻𝛻(𝑥𝑥, 𝑦𝑦)|𝐹𝐹𝑠𝑠 (𝑥𝑥, 𝑦𝑦)𝐸𝐸𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (𝑥𝑥, 𝑦𝑦), 𝑗𝑗 = 1,2, … 𝑗𝑗𝑚𝑚𝑚𝑚𝑚𝑚 ,

(6.1)

where j represents the iteration number and 𝑗𝑗𝑚𝑚𝑚𝑚𝑚𝑚 defines the maximum iteration number,
|𝛻𝛻𝛻𝛻(𝑥𝑥, 𝑦𝑦)| represents the contour of the surface and the evolvement speed of the surface
(denoted as F in Figure 6.1) is controlled by both 𝐹𝐹𝑠𝑠 (𝑥𝑥, 𝑦𝑦) and 𝐸𝐸𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (𝑥𝑥, 𝑦𝑦). In our case,
we define 𝐹𝐹𝑠𝑠 (𝑥𝑥, 𝑦𝑦) as sign function that produce values of -1 or 1, and define the edge
stop function 𝐸𝐸𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 to slow down the evolvement of surface based on the image gradient
values.
The evolvement of the surface start from iteration j = 1 and 𝜙𝜙1 (𝑥𝑥, 𝑦𝑦) is obtained from
the binary B (x, y). In a binary level set method, 𝜙𝜙 contains only two values: -1 and 1,
indicating the background and the foreground of the image, respectively. In this case,
|𝛻𝛻𝛻𝛻(𝑥𝑥, 𝑦𝑦)| will have zero values for homogenous regions in 𝜙𝜙1 (𝑥𝑥, 𝑦𝑦) and have non-zero
values along the object contours as shown in E(x,y) in Figure 6.1. To evolve 𝜙𝜙1 (𝑥𝑥, 𝑦𝑦), we
check the contour using E(x,y), calculate 𝐹𝐹𝑠𝑠 and 𝐸𝐸𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 at the contour, update the results
using Equation 6.1 and update 𝜙𝜙2 by taking all positive values to 1 and negative values
to -1. These results change the surface values and the changes corresponds to switching
pixels in the contour of the object from the foreground to the background, or vice versa.
According to the geodesic active contour approach [105] irregularities must be controlled
during the evolution process. We use a Gaussian filter applied to the function 𝜙𝜙2 after the
evolvement to get smoothed contour.
To achieve better accuracy in the segmentation, constraints are applied to the
evolvement of the level set to avoid getting false-positive detections from the noise and
the neighboring objects. These constraints can be related to the size, position, textures or
the shape of the contour. By visual inspection of several experimental datasets, we made
the following two simplifying assumptions to set our constraints: 1) Objects appear
relatively static in a ROI of the image and 2) The growing area or deformation found from
two consecutive frames is small compared to the total object size. Therefore, in every
iteration we apply size constraints to split-and-merge object contours according to the
surface value 𝜙𝜙 (see the supplementary of Paper IX for more information). The surface
value 𝜙𝜙 will stop the evolvement if the stop conditions are fulfilled. The algorithm then
outputs an segmented image I'(x,y) according to 𝜙𝜙.
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To extend our segmentation algorithm using time-series data, we combine the binary
level-set with adaptive thresholding and denote this approach as dynamic image
segmentation. In each frame adaptive thresholding provides a new detection of object
position and shape. This new object shape is compared to the previously derived results
from the binary level set method, and the differences between the two shapes are found.
Then the final shape is determined by evaluating the differences with the split-and-merge
constraints mentioned above. With this procedure, the level set can efficiently find the
initial segmentation area of the object in the new frame and thus improve the efficiency
of the algorithm significantly.
From the segmentation result, the object length, width, rotation and many other
shapes related information can be extracted for the study of cells. In the following sections,
we provide the quantification of cells morphology using image segmentation techniques
and demonstrate some important applications using the cell shape information.

6.3

Image segmentation of E. coli cells

To obtain quantitative morphological properties for E. coli cells suspended in a fluid, we
conducted experiments by using in-line DHM imaging and processing the obtained
holograms, and by apply an image segmentation algorithm to extract cell features. We
first analyzed the data by tracking cells in 2D (Section 3.2), and then reconstructed
holograms using multiple-wavelength algorithms (Section 5.2) to detect the axial position.
Based on the position results, our multiple-wavelength approach can map the trajectory
of an E. coli cell (Figure 6.2A) and automatically provided the phase information (Section
5.3).
The morphological information of non-spherical E. coli cells in a 2D image contains
the length, width and angle of rotation. To obtain this information, we apply level-set
segmentation to analyze the phase information. First, the values of phase distribution are
rescaled in range from 0 to 1 to be used as a phase image (Figure 6.2B, left). The phase
image works as inputs to our segmentation algorithm and the results are presented as a
color-coded image, Figure 6.2B, middle. Based on the segmented area, we extract a
backbone structure (Figure 6.2B, right). This backbone structure from the image is a
straight forward result from morphological thinning operation in MATLAB [111]. The
cell length and width were measured by calculating a major and minor axis of a bestmatching ellipse through fitting of ellipses to the segmented area. To estimate the cell
rotation, the orientation of the best-matching ellipse can be used. To avoid error in the
rotation estimation for objects of circular shape or irregular shapes, we used an alternative
way to estimate rotation by applying a linear fitting to the backbone and calculating the
slope angle from the fitting function.
In our implementation, we set the rotation degrees ranging from -π/2 to π/2 and define
0 degree to where the cell direction is along the y axis. A negative rotation degree
indicates that the cell direction is rotated counterclockwise. For example, based on the
statistics of a cell analyzed using 200 frames, which corresponds to 0.2 s in time, we
determined cell length (1.4 ± 0.2 μm), width (0.6 ± 0.1 μm) and rotation (-60.7 ± 6.8
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degrees). This type of results can be used for estimating the drag force on the cells as
presented in the following section. Especially, the time-series data of rotation (Figure
6.2C) are important inputs for our model to estimate the force on cells under the flow.

Figure 6.2. A) The 3D trajectory of an E. coli using 200 frames recorded at a frame rate of 1kHz.
B) Images of rescaled phase distribution of E. coli, and color-coded results from our level set
segmentation and backbone extraction demonstrated for frame 1 and frame 200. The x- and y-axis
in the image cooresponds to the x- and y-axis of the cell trajectory presented in 3D space. C) The
rotation angle of the cell measured using the backbone structure with accruacy of 1 degree.

6.4

Estimating the drag force on E. coli cells

To gain a deeper understanding of the biomechanical mechanism that keeps bacteria
attached to a surface under flow conditions, the hydrodynamic force acting on a specific
bacterium close to a surface as a function of its geometry, size and orientation with respect
to the flow must be estimated [112]. However, E coli cells are capsule shaped objects that
are commonly described as ellipsoids or spheres when estimating the drag force since
these shapes provides easy equations to calculate the drag force. To improve on this and
to develop a robust assay and analysis method for microfluidic channel experiments we
needed to better understand the role of cell shape and expression of fimbriae when an E.
coli cell is exposed to a fluid flow. Therefore, we first assessed the role of fimbriae on the
hydrodynamic drag force. To acquire this, we developed a method to estimate the drag
force on a single E. coli cell [72]. An E. coli cell can express a variety of fimbriae and
they can express these in different numbers on the surface. We therefore grow cells
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expressing different amounts of fimbriae and trapped these using an optical tweezers
instrumentation [113].
Cells were first imaged in the microscope to extract their geometrical size using image
processing and subsequently trapped by the optical tweezers. We oscillated the
microfluidic channel, while keeping the cell stationary, and monitored the deflection of
the laser beam, which then directly provides the drag force on the trapped cell. We found
that fimbriae influence the drag force by increasing the drag. We found that cells
expressing more fimbriae experience a higher drag than those expressing few. Therefore,
by using the optical tweezers experiment, we introduce the effective diameter. It describes
the fluid drag on a cell is the same as the force on a sphere with a given reference diameter.
To investigate the implication of this simplified sphere shape, we implemented
several analytical models using effective diameter to calculate drag force and verify the
results with CFD simulation. The equivalent radius can be found using different methods
depending on shape. We considered four common models: Mean radius, Volume,
Analytical and Needle. In addition, we considered an Area model that is based on wall
shear stress instead of equivalent radius. We found deviations in the results from these
models in comparison to the accurate CFD data we produced. Therefore, we developed
an interpolation model based on capsule shape cells to more accurately calculate the
hydrodynamic force on capsule-shaped cells in a micro-fluidic flow.
To verify our models, we first evaluated the shape of E. coli cells using image
segmentation. We fitted capsule and ellipsoid-shaped models to segmented images of
bacteria and found that a capsule shape gives a 4.4% better fit. This modest disparity,
however, contribute to 12-15% difference in the resulting hydrodynamic force in the
computational fluid dynamics CFD simulations.
For a capsule shape cells under flow, our model estimates the drag force with error
less than 1% comparing to the simulation than other models in comparison. Moreover,
the interpolation model can handle cell geometry as well as orientation with respect to the
flow to get accurate drag force estimation. For example, according to our experiment with
tethered E. coli to a surface (see more details in Paper VII), we estimated the cell length
(3.6 ± 0.2 μm) and width (0.7 ± 0.2 μm) under the fluid flow where the shear rate was
7500 1/s with fluid density of 1000 kg/m3 and dynamic viscosity of 0.001 kg/(s·m). The
cell under the flow had 32 ± 10 degrees movement in rotation (angles measured between
flow direction and cell rotation) during 1 s in time and the estimated drag force on the cell
could range from 113 pN to 154 pN.

6.5

Segmentation of growing bacteria and backbone
extraction

Distinctive pattern of the curves and branches in the structure of S. coelicolor hyphae can
be observed during their growth. To quantitatively measure the feature of these growth
pattern, we can use the image segmentation method to extract the shape and analyze the
changes of the shape over time. To conduct the measurement, we first define the longest
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path in the topological structure as the backbone pattern by excluding all the branches.
This path can be extracted from our image segmentation algorithm and used for
calculating the persistence length [114]. We conducted image segmentation and data
analysis using our DSeg software with time-series data from DIC microscopy for S.
coelicolor hyphae. In Figure 6.3, we present the image segmentation results and analysis
of single backbone structure of S. coelicolor hyphae. The analysis shows the persistence
length to be L p = 58.56 μm for a S. coelicolor hyphae estimated from the <R2> model
which is close to the curve length L = 65.31 μm of the cell. This experimental result
indicates the cell at this stage have high local stiffness and thus growing straight instead
of getting curved. This information can be used to characterize the pattern of cells at
different growing stages or external environmental factors.

Figure 6.3. A) Time-lapse data of S. coelicolor growing from spores to hyphae structures and the
segmentation results in the last frame of the video. The video data is recorded by a DIC microscopy
using 100× oil-immersion objective with numerical aperture of 1.46. We set the exposure to 100
ms and captured images every 10 minutes for approximately 24 hours using an EMCCD camera
(iXonUltra ANDOR). B) Results are presented in segmented sections in panel B (dashed box). The
panels show tangents of the curve extracted from the image skeleton of segmentation results, the
esimtation of persistence length using <R2> model [115] and the accumulated length of the bacteria
under 6 h growth.
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7. Development of Software Tools
7.1

UmUTracker

The UmUTracker is a MATLAB based software implemented for detection of concentricfringe-patterns and apply numerical reconstruction to track particles in 3D using data
from DHM [39]. This software is based on the workflow described in Section 4.1 with 4
major steps: 1. Preprocessing, 2. Detection, 3. Tracking, 4. Numerical Reconstruction.
This software is to allow fast analysis of a large number of particles and provided postanalysis interface to visualize the fluid flow profile.
The 2D tracking of particles using the software is not limited to DHM data. It can also
be applied to particle or cell tracking in various dataset, e.g., images from light
microscopy, DIC microscopy and fluorescent microscopy. The software offers three ways
to detect objects of different shapes, including circle detection (Section 3.2), a template
matching algorithm based on 2D cross-correlation, and image segmentation using
morphological operations. The latest UmUTracker (version 1.2) is available at,
https://sourceforge.net/projects/umutracker/.

7.2

Capsule Cell Tracker

The Capsule Cell Tracker is a standalone software developed for applying an
interpolation model to calculate the hydrodynamic force on tethered capsule-shaped cells
in micro-fluidic flows near a surface [67]. In this work we present a new interpolation
model with significantly better agreement compared to estimates from commonly used
models and which can be used as a fast and accurate substitute for complex and
computationally heavy fluid dynamic simulations. This software is optimized for tracking
single cell in 2D using a time-series video and estimate the hydrodynamics force using
our interpolation formula compared to the results using other 10 models [101], [116]–
[118]. This force is dependent on the rotation angle of the cell and the direction of the
flow. We provide the MATLAB implementation of the software with an interface
available at https://sourceforge.net/projects/capsulecellstracking/.

7.3

DSeg

DSeg is an image segmentation software based on Section 6.2 and the manuscript is found
in [66]. The software offers an automatic segmentation process and a manual
segmentation approach. Objects in a video can be selected in the starting frame using a
point-and-click function and to find their structures a thresholding algorithm can be used.
After selecting the objects, the segmentation algorithm is initiated to track objects and
extract their backbone structures. This software is implemented in MATLAB and the
source code is available at https://sourceforge.net/projects/dseg-software/.

43

8. Concluding Remarks and Outlook
This work achieved two major parts for our multidisciplinary research combining image
processing and biophysics: development of image processing algorithms and software
tools for automated, high throughput measurements, and improvement of the in-line
DHM technique; characterization of cell morphology, behavior and estimation the drag
force on living cells in microfluidic channels.
In the first part, we developed an image processing ITCiD algorithm for circle
detection and use it to locate centers of diffraction pattern to improve the accuracy and
efficiency of object detection using DHM data. This algorithm is applied to a wide variety
of circle detection tasks with better robustness against noise and high computing
efficiency comparing to the state-of-the-art algorithms for circle detection (Paper I). We
implemented this algorithm in a software named UmUTracker (Paper IV) that allows high
throughput, automatic 3D tracking of particles. By using the DHM with 470 nm
wavelength illumination, we achieved with subpixel accuracy (~ 250 nm) (Paper III) in
the lateral xy-plane and submicron axial accuracy in a 150 × 150 × 60 μm3 space above
bottom surface in the flow chamber. The trajectories of particles are used for microfluidic
flow profiling and visualization (Paper IV, Paper VI). To obtain reliable tracking of cells
in 3D with high-speed recording, we improved the DHM illumination and developed a
novel iterative algorithm using multiple-wavelength in-line DHM (Paper VIII) to obtain
phase information and detect distance from the detector to cells. By using the illumination
of wavelength at 491 nm, 532 nm and 632.8 nm, the positioning of E. coli can reach
submicron accuracy in x-, y- and z-direction. We verified our algorithms using data of
polystyrene particles (PS), E. coli and RBCs and applied the algorithms for detecting,
tracking of cells. Better tracking results of cells in 3D allow better observation and
quantitative measurement of cell morphological properties. Therefore, we developed
image segmentation algorithms and implemented the DSeg software to automatically
obtain high throughput morphology data of cells (Paper IX).
In the second part, the measurement of cell morphology was applied to E. coli cells
to predict the fluid drag force using an analytical model (Paper II). Further, to study the
hydrodynamic force on cells in micro-fluidic flow near a surface, we turn our analytical
model to an interpolation model for better accuracy (Paper VII). Image segmentation of
E. coli data reveals that the capsule shape modelling of E. coli is better than using an
ellipsoid shape, and other commonly used models. Therefore, we developed a Capsule
Cell Tracker software in MATLAB to apply our interpolation model for fast drag force
estimation of cells in micro-fluidic flow near a surface. Finally, we show how the level
set method with size constraints can be used to extract the growing speed and persistence
length for quantitative characterization of growing S. coelicolor hyphae (Paper IX).

44

8.1

Future Applications

Providing the 3D tracking of cells using multiple-wavelength in-line DHM and image
segmentation algorithm for cell shape measurement, there are several future studies that
could potentially reveal more details and answer some questions regarding bacterial
adhesion.
We observed that suspending bacteria recorded in the image change appearance due
to the change of their position and orientation. To quantitatively measure change of the
cell position and shape, the position in x- and y-direction can be detected by ITs sampling
algorithm with sub-micro accuracy and the detection of object plane for these bacteria
ensure the position in z direction can also reach sub-micro accuracy with reconstruction
steps smaller than 1 µm. The orientation of object is addressed partially by measuring the
rotation using the segmentation algorithm and the backbone extraction algorithm in a 2D
image.
However, the angle of the object orientation with respect to the detector plane is still
a challenging task. We refer this angle as the tilt of the object. Quantitative measurement
of object tilt in a hologram is a complicated task. Inspired from the work in [100] where
a qualitative phase retrieval technique for DHM is implemented using the deep neural
networks (DNN), we started to explore the DNN to apply it for tilt estimation using DHM
holograms. We used the Alex-net [119] implemented in MATLAB as the framework of
our DNN and trained it with synthetic single wavelength data of E. coli with various shape,
rotation and tilt generated from DDA simulations. In practice, our trained DNN network
outputs 45 categories representing degree step of 2 for tilt estimation. In the validation of
our network using a different set of synthetic holograms with ground truth values,
preliminary data shows that 2 degrees accuracy can be resolved. Therefore, with proper
training datasets, this approach can be used to estimate tilt of E. coli in real holograms.
Further development of the image processing algorithms using DNN makes it possible to
reveal all 5D information of the bacterial motion in fluidic flow including 3D position
with rotation and tilt.
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Summary of papers
Paper I
A fast and robust circle detection method using isosceles triangles
sampling
H. Zhang, K. Wiklund, and M. Andersson. Pattern Recognition 54: 218–228.
(2016)
This paper presents a new circle detection method based upon randomized isosceles
triangles sampling to improve the robustness of randomized circle detection in noisy
conditions. It is shown that the geometrical property of isosceles triangles provides a
robust criterion to find relevant edge pixels and thereby efficiently provide an estimation
of the circle center and radii. Extensive experiments using both synthetic and real images
were presented, and results were compared to leading state-of-the-art algorithms and
showed that the proposed algorithm: are efficient in finding circles with a low number of
iterations; has high rejection rate of false-positive circle candidates; and has high
robustness against noise, making it adaptive and useful in many vision applications.
I developed and implemented the algorithm as well as optimized the speed by
implementing both a MATLAB version and a C++ version. I performed the testing and
were responsible for the comparison of our algorithm to other state-of-the-art algorithms.
I was also involved in the writing of the manuscript.
Paper II
Detecting bacterial surface organelles on single cells using optical
tweezers
J. Zakrisson, B. Singh, P. Svenmarker, K. Wiklund, H. Zhang, S. Hakobyan, M.
Ramstedt, and M. Andersson. Langmuir 32 (18), 4521-4529 (2016)
This paper presents a method to determine the presence of pili on a single bacterium.
The protocol involves imaging the bacterium to measure its size, followed by predicting
the fluid drag based on its size using an analytical model, and thereafter oscillating the
sample while a single bacterium is trapped by an optical tweezer to measure its effective
fluid drag. Comparison between the predicted and the measured fluid drag thereby
indicate the presence of pili. We verify the method using polymer coated silica
microspheres and E. coli bacteria expressing adhesion pili. Our protocol can assist single
cell studies by distinguishing between fimbriated and nonfimbriated bacteria.
In this work I carried out the analysis of bright field images of bacteria using image
segmentation to extract the cell shape information of width and length. This shape
information was used to calculate effective diameter to estimate the drag force on the cell.
46

Paper III
Refining particle positions using circular symmetry
A. Rodriguez, H. Zhang, K. Wiklund, T. Brodin, J. Klaminder, P.L. Andersson,
and M. Andersson. PLoS One. 12: e0175015 (2017).
This paper presents a new algorithm, the Circular Symmetry algorithm (C-Sym), for
detecting the position of a circular particle with high accuracy and precision in noisy
conditions. The algorithm takes advantage of the spatial symmetry of the particle allowing
for subpixel accuracy. We compare the proposed algorithm with four different methods
using both synthetic and experimental datasets from colloidal, biophysical, ecological,
and micro-fluidic research. The results show that C-Sym is the most accurate and precise
algorithm when tracking micro-particles in all tested conditions.
I contributed to the manuscript writing, constructing synthetic datasets and implement
the algorithms, CoM, XCorr, QI used for comparison particle position refinement in
MATLAB for comparison.
Paper IV
UmUTracker: A versatile MATLAB program for automated particle
tracking of 2D light microscopy or 3D digital holography data
H. Zhang, T. Stangner, K. Wiklund, A. Rodriguez, and M. Andersson. Computer
Physics Communication 219: 390–399 (2017).
This paper presents a MATLAB program (UmUTracker) that automatically detects
and tracks particles by analyzing video sequences acquired by either light microscopy or
digital in-line holographic microscopy. Our program detects the 2D lateral positions of
particles with an algorithm based on the isosceles triangle transform and reconstructs their
3D axial positions by a fast implementation of the Rayleigh-Sommerfeld model using a
radial intensity profile. To validate the accuracy and performance of our program, we first
track the 2D position of polystyrene particles using bright field and digital holographic
microscopy. Second, we determine the 3D particle position by analyzing synthetic and
experimentally acquired holograms. Finally, to highlight the full program features, we
profile the microfluidic flow in a 100 µm high flow chamber. This result agrees with
computational fluid dynamic simulations.
My contributions were the development of algorithms for particle tracking and
numerical reconstruction and implement the algorithms into a MATLAB program with a
graphic user-friendly interface (GUI). I was also involved in the experimental data
collection using DHM and contributed to the analysis of particles trajectories and
microfluidic flow profiling using trajectories results.
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Paper V
Step-by-step guide to reduce spatial coherence of laser light using a
rotating ground glass diffuser
T. Stangner, H. Zhang, T. Dahlberg, K. Wiklund, and M. Andersson. Appl. Opt.
56: 5427 (2017).
This paper provides a method for constructing a speckle-free and high contrast laser
illumination setup using a rotating ground glass diffuser driven by a stepper motor. The
setup is easy to build, cheap and allows a significant light throughput of 48 %, which is
40 % higher in comparison to a single lens collector commonly used in reported setups.
We validated the stability and performance of our setup in terms of image quality, motorinduced vibrations and light throughput. By using the 50x objective, high speed recording
of particles with sampling rates up to 10 000 Hz are realized.
I contributed to part of the experimental work to control the step motor for rotating
ground glass as well as the data analysis for characterizing the contrast in the hologram
to quantify the amount of speckle noise in the image.
Paper VI
3D printed water-soluble scaffolds for rapid production of PDMS
micro-fluidic flow chambers
T. Dahlberg, T. Stangner, H. Zhang, K. Wiklund, P. Lundberg, L. Edman, and M.
Andersson.Sci. Rep 8(1):3372 (2018).
This paper reports a novel method for fabrication of three-dimensional (3D)
biocompatible micro-fluidic flow chambers in polydimethylsiloxane (PDMS) by 3Dprinting water-soluble polyvinyl alcohol (PVA) filaments as master scaffolds. We
demonstrated the strength of our method using a regular, cheap 3D printer, and evaluated
the inscription process and the channels micro-fluidic properties using image analysis and
digital holographic microscopy.
In this work I carried out the analysis of the channels micro-fluidic properties using
the DHM data and visualization of the fluidic flow.
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Paper VII
A drag force interpolation model for capsule-shaped cells in fluid
flows near a surface
K. Wiklund, H. Zhang, T. Stangner, B. Singh, E. Bullitt, and M. Andersson.
Microbiology. 164: 483–494 (2018).
This paper presents an interpolation model to calculate the hydrodynamic force on
tethered capsule-shaped cells in micro-fluidic flows near a surface. Our model is based
on numerical solutions of the full Navier-Stokes equations for capsule-shaped objects
considering their geometry, aspect ratio and orientation with respect to the fluid flow. The
model reproduces the results from CFD simulations with an average error <0.15 % for
objects with an aspect ratio up to five, and the model exactly reproduces the Goldman
approximation of spherical objects close to a surface. We estimate the hydrodynamic
force imposed on tethered E. coli cells using the interpolation model and approximate
models found in the literature, e.g., one that assumes that E. coli are ellipsoid shaped. We
fit the 2D projected area of a capsule and ellipsoid to segmented E. coli cells. We find
that even though an ellipsoidal shape is a decent approximation of the cell shape the
capsule gives 4.4 % better agreement, a small difference that corresponds to 15 %
difference in hydrodynamic force.
My contributions in this work were the image segmentation of E. coli data and
compare the capsule and ellipsoid to the segmented E. coli shapes. I also contributed to
implementing an image processing software in MATLAB to track single cell, find its
shape and apply force estimation using the interpolation formula. The software was
implemented with a graphic user-friendly interface.

Paper VIII
Object plane detection and phase retrieval from single-shot
holograms using multi-wavelength in-line holography
H. Zhang, T. Stangner, K. Wiklund and M. Andersson. Submitted to Appl. Opt (2018).
This paper presents a novel multi-wavelength Gerchberg-Saxton algorithm to
determine the object position and phase using single-shot holograms recorded in an inline holographic microscope. For micro-sized objects, we verify the object positioning
capabilities of the method for various shapes and derive the phase information using
synthetic and experimental data. Experimentally, we built a compact digital in-line
holographic microscopy setup around a standard optical microscope with a regular RGBCCD camera and acquire holograms of micro-spheres, E. coli and red blood cells, that
are illuminated using three lasers operating at 491 nm, 532 nm and 633 nm, respectively.
We demonstrate that our method provides accurate object plane detection and phase
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retrieval under noisy conditions, e.g., using low-contrast holograms without background
normalization. This method allows for automatic positioning and phase retrieval suitable
for holographic particle velocimetry, and object tracking in biophysical or colloidal
research
I contributed to the development of the algorithm, implementation in MATLAB and
data analysis of multiple wavelengths holograms for particles and cells. I was also
involved in the data collection using the DHM setup and writing of the manuscript.
Paper IX
DSeg : A dynamic image segmentation program to extract backbone
patterns for filamentous bacteria and hyphae structures.
H. Zhang, N. Söderholm, L. Sandblad, K. Wiklund and M. Andersson. In manuscript
(2018).
This paper presents DSeg: an image analysis program designed to process time-series
image data as well as single images to find multiple filamentous structures e.g.,
filamentous prokaryotes, yeasts and molds using a dynamic segmentation approach. DSeg
automatically segments and analyzes objects, and outputs statistical data such as length,
width, rotation, persistence length, growth rate and growth direction.
I contributed to the development of algorithms, the software implementation, data
analysis using the software and writing of the manuscript.
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