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Abstract

Optical Projection Tomography (OPT) is a new imaging technique used to image cells

in 3D cultured in a hydrogel. Reconstructed OPT images of cells suffer from several

artifacts. These artifacts reduce the overall image quality. This will create a challenge

for isolating and studying each cell in 3D cell culture. It is highly required to enhance the

3D OPT images of cells for successful analysis of cell interaction and growth in 3D cell

culture. In that regard, this thesis intends to build a robust algorithm for use in effective

segmentation of cells cultured inside hydrogel. There exist various 3D cell segmenta-

tion algorithms in the literature including those schemes that rely on thresholding, edge

detection, region growing and clustering approaches. Among these algorithms, moving

average adaptive thresholding (MAAT) and region growing algorithm present commend-

able performance in segmentation of cells identified on OPT images. In this thesis the

performance of an automatic seeded region growing algorithm (ASRGA) and MAAT have

been compared rigorously in terms of their use in 2D slice based segmentation of the cells

on the 3D OPT image sets considered. Results have shown that the MAAT method show

superior performance and provide promising 3D visualization of cells. The output of the

research will have a tremendous contribution to reduce artifacts in 3D cell images and

enhance 3D visualization.

Key words: Optical Projection Tomography, hydrogel, cell segmentation, region growing

algorithm, moving average.
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Chapter 1

Introduction
Optical Projection Tomography (OPT) is non-invasive, non-destructive and high-resolution

3D optical imaging technique [1][2]. It is suitable for imaging samples in the range of

1-10 mm in diameter [2]. OPT can be used to image both fluorescent and non fluorescent

biological specimens [3].

OPT is the optical equivalent of X-ray micro computed tomography (X-ray µCT) [3]. Like

µCT, OPT uses filtered back projection technique to reconstruct the images. However,

OPT uses photons in the visible spectrum range as opposed to µCT which uses photons in

the X-ray spectrum. The use of photons in visible spectrum in optical systems including

OPT results in finite depth of field. Moreover, filtered back projection technique in µCT

assumes parallel lights as the deflection of X-ray photons is very small. In OPT, however,

the straight ray approximation of filtered back projection ignores the diffraction of light

by the focusing lens [4]. This will in turn have a blurring effect in both tangential and

radial directions of the final reconstructed image [4]. Moreover, there are other artifacts

in OPT images. For instance smear artifacts are created due to illumination intensity

fluctuation during reconstruction of images [5]. Bowl artifacts are also resulted from re-

construction of truncated projections [5]. Spherical aberration of lenses could also be an

other source of artifacts because when light waves pass through the center and periphery

of the lens, they won’t focus on the same point and this leads to poor resolution in the

final image. Moreover, there are also line artifacts which are caused by high intensity

spikes (’hot pixels’) due to the nature of the detectors. Unique detector edge artifacts

are also caused due to nonzero background signal [5]. These combined artifacts result in

poor quality of images in OPT which in turn result in poor 3D visualization of cells.

Several approaches have been used in the literature to reduce these OPT image artifacts.
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For instance, Walls et al. [5] were able to minimize different noises such as read noise,

dark current and pattern noise which are usually created by detection problems on the

charge coupled device (CCD). To do this, they calibrated the instrument properly prior

to commencing detection of slices [5]. In an other study in order to reduce hot pixels

(high intensity pixels) on the reconstructed image, a study by Birk et al. utilized the

median filter applied over a 9× 9 translating window and the approach decreased the

artifacts significantly [6].

More recently the Full Modulation Transfer Function (MTF) was included as additional

filter in filtered back projection. It reduces some of the artifacts. However, it does not

fully reduce the tangential blurring observed in the image [8]. The work by Horst and

Kalkman used image deconvolution technique on sample images of flourescent beads and

zebrafish to get the deblurred reconstructed image [8]. They applied the debluring right

after the image is converted from frequency domain to spatial domain using the inverse

radon transform. They did the deblurring in cylindrical coordinate and convert it back

to rectangular coordinate system. This helps to reduce blurrings of OPT images. Nev-

ertheless, the inter conversion from one coordinate system to other takes several minutes

to process on a standard desktop computer.

This thesis intends to develop a robust technique applied to OPT images for effective

enhancement of image quality and reduction of artifacts in order to efficiently analyze cells

identified on 3D cell culture. The technique adheres to two important image processing

steps: preprocessing and effective segmentation of cells. Image spikes, circular patterns

around periphery of images and similar other artifacts are considered to be addressed

during the preprocessing stage. The segmentation is fundamentally 2D, slice based which

can be visualized using volume rendering. Focus is given to region growing and adaptive

thresholding with their merits and demerits. Performance of the preprocessing as well as

segmentation steps are evaluated rigorously both in 2D and 3D.
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1.1 Problem Statement

3D cell images of OPT are vulnerable to several artifacts. As a result, it is highly required

to enhance 3D cell images which in turn help to study cell differentiation, cell growth and

cell migration (motion). Since cellular morphology is an important phenotypic feature

and cell contours are required for analysis for the intracellular process, the issue of cell

segmentation has received increasing attention in the past years [9]. However, if the image

of the cells is not properly processed, it will be difficult to study the aforementioned cell

to cell interactions appropriately, which might lead to wrong interpretations. So accurate

segmentation of OPT images is required to understand different cell interactions. In this

regard, different researchers came up with varieties of algorithms that do microscopic

cellular image segmentation. Some of the algorithms such as simple thresholding method

mainly depend on the intensity difference of the cell and the background and have low ac-

curacy unless they are combined with other techniques or are made smart enough to adapt

to different images. This thesis intends to develop an efficient scheme for segmentation

of OPT images based on moving average adaptive thresholding (MAAT) and automatic

seeded region growing (ASRG) algorithms proceeded by an effective preprocessing stage.
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1.2 Objective

1.2.1 General Objective

• To segment and enhance 3D cell visualization of OPT images using image processing

techniques.

1.2.2 Specific Objectives

• To do automatic preprocessing of OPT cell images for reducing artifacts.

• To apply and test different algorithms such as automatic seeded region growing

(ASRG) algorithm and moving average adaptive thresholding (MAAT) algorithm

for segmenting slice images of the cells.

• To do post-processing of segmented images using dilation operators such as closing

and opening operators.

• To stack the segmented slice images to 3D image using Matlab and imageJ softwares.

• To quantify the cells i.e. calculate 3D volume of cells.

• To enhance OPT projection images using Point Spread Function (PSF) based de-

convolution technique.

1.3 Significance of the Thesis

It is well known that there are several artifacts generated during image acquisition and

reconstruction steps of OPT imaging systems. And this makes the study of cells in 3D

cell culture more challenging. The thesis aims to reduce varieties of artifacts that occur in

OPT images using image processing techniques. Moreover, the slice based segmentation

and 3D stacking in Matlab and ImageJ will greatly enhance the visualization of cells

in 3D. Also among other potential clinical implications, accurate quantification of cells
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should help biologists and tissue engineers to study cell interactions easily during cell

development.

1.4 Thesis Scope and Delimitations

The thesis incorporates 2D slice based preprocessing, segmentation and postprocessing as

well as 3D stacking and visualization of OPT images using Matlab and ImageJ platforms.

Quntification of OPT cells in 3D is also with in the scope of the thesis. In addition, PSF

based deconvolution technique is applied to enhance 2D projection images of OPT. Topics

including cell segmentations in 3D space and clinical evaluation of the developed image

processing scheme are not considered.

1.5 Organization of the Thesis

The rest of the thesis is organized into four chapters. Chapter 2 deals with various

reviewed literatures on topics of OPT and image segmentation techniques. Chapter

3 mainly deals with two segmentation schemes which are applied to segment the cell

slice images and 3D stacking methods of the slices for 3D visualization. Chapter 4

presents important results found in this study with discussions while conclusion and

future directions are included in the last chapter.
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Chapter 2

Fundamentals of Optical Projection Tomography

2.1 Optical Projection Tomography (OPT)

There have been different researches done previously on OPT images. OPT is a relatively

new imaging technology with cellular level resolution [3][5]. OPT can be divided into two

types: emission OPT and transmission OPT. Emission OPT is when a wide field illu-

mination light strikes on the flourophores and the light emitted from the fluorophore is

collected to create an image, whereas transmission OPT is when the source light passes

through the specimen and the transmitted light will be collected to create an image.

Fundamentally, tomographic images deals with reconstructing cross sectional images from

their projections [2]. In OPT, the 3D structure (stack of x-y slices) of a rotating sample

is reconstructed from a series of wide field (2D projections) (x-z images). And the recon-

structed slices are stacked into 3D to visualize the sample in 3D.

OPT has various applications. OPT can be applied to image samples that have sizes in

the range of 1-10 mm scales [2]. It has a number of applications on fixed specimens which

have been made transparent by chemical staining [10]. For instance, it has been applied

to image adult mouse organs [10]. OPT can also be applied for gene expression study [11].

It is used to study RNA and protein expression and this helps to understand biological

functions and interactions of genes in developmental biology [11]. OPT has important ap-

plications for morphology and histopathology researches as well especially in the growing

field of mouse model of disease [2]. For example, OPT allows accurate localization and

measurement of beta cells in type 2 diabetic disease [2]. As OPT is nondestructive and

possess good imaging depth, it can be used to characterize hydrated hydrogels without

the need of sample processing [12]. OPT can also be conveniently applied to study plant
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growth in 3D [13]. For instance, OPT was applied to visualize variety of plant materials

at range of scales including seedlings, leaves, flowers and growing plant tissue such as

meristems [13]. OPT can also be extended to FLIM-OPT, a combination of Fluorescence

Lifetime Imaging (FLIM) and OPT which is useful for measuring 3D life time informa-

tion and investigation of 3D biological processes such as for visualizing apoptosis in live

Zebrafish larvae [14]. OPT technique can also be used to do imaging experiments and

analysis of 3D cultures of cells [3]. For example, it can be used for analysis of beating

aggregates of muscular tissue cells in heart [3].

In a recent study, Belay et al. [15] applied OPT to image cells in 3D hydrogel cell culture

for the first time. Since OPT is non-invasive, non-toxic and high resolution imaging tech-

nique, it was found to be convenient to image cells in 3D as compared to other imaging

modalities such as multiphoton microsecope and X-ray based µCT [15]. The bright field

cell slice images obtained by OPT were used to test and evaluate the performance of the

segmentation algorithm developed in this thesis work.

In OPT, a sample in an index matching liquid is rotated and a projection is acquired

at each angular position [1]. Then, standard reconstruction algorithms such as filtered

back projection (FBP) are used to reconstruct each projection images to 3D volume [15].

Back projection technique is a way of simply running the projection back through the

image to obtain rough approximation to the original sample. It is usually apparent to

see blurring in some part of the reconstructed images. This is because the low frequency

signals are sampled much more than the high frequency signals. Therefore, high pass fil-

tering is required to eliminate the blurring. Ramp filter is usually used to eliminate such

kind of blurring. The combination of back projection and ramp filter is known as filtered

back projection (FBP). Generally the complete FBP process which is applied in OPT can

be divided into four steps. These are: Fourier transform of measured projection data,

multiplication by weighting factor (i.e as convolution in spatial domain is equivalent to

multiplication in frequency domain), inverse Fourier transform and summation over the
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image plane (the back projection process). The back projection process can be visualized

as smearing of each filtered projection over the entire image plane. The standard FBP

in an OPT is used with parallel beam projection data [2].

Infact FBP has good accuracy in CT image reconstruction. Nevertheless, when we apply

FBP for acquiring OPT images, there are challenges such as image degradation due to

refractive index mismatch, light scattering as well as tangential and radial blurring of the

3D reconstruction due to mechanical instability of the instrument which might affect the

quality of the images generated [6]. Moreover, FBP assumes parallel ray approximation,

it ignores diffraction by the focusing lenses. Using FBP and applying high numerical

aperture lens improve the resolution of the optical projection images. Nevertheless, it

will have limited depth of field and we won’t be able to see the whole sample with depth

[4]. Deconvolution techniques after FBP reconstruction are also used to improve the im-

ages however such a step has a disadvantage of amplifying noise unless it is done with

correct PSF [4].

Generally, poor reconstruction technique and other artifacts combined together result in

poor quality of images in OPT. In this regard, there are several techniques proposed in

the literature to minimize the OPT image artifacts. One of these techniques is improving

the reconstruction strategy. Trull et al. [4] applied a PSF based reconstruction technique

on emission OPT images of fluorescent beads and zebrafish larva. They first calculated

the PSF of the system. And then discritized the PSF and the image. Next, they mul-

tiplied the modulation transfer function (Fourier transform of the PSF) with the fourier

transform of the image to be reconstructed. Finally, they applied least square optimiza-

tion technique to minimize the error between the output image and the product image.

They used several iterations to get a good output image. Their iterative reconstruction

technique resulted in improved images as compared to those of the standard FBP results.

The other method is the idea of reducing the artifacts of FBP reconstructed images using
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image processing techniques. Applying different preprocessing algorithms in spatial or

frequency domain can help to reduce blurring and several other types of artifacts. And

then to enhance certain region of interest (ROI) of the image, variety of medical image

segmentation algorithms might be applied. Medical image segmentation algorithms are

usually applied for enhancing medical images for diagnosis and therapeutic purposes.

These algorithms can also be used to enhance cell images for analyzing and studying of

cell development in 3D cell culture.

2.2 Image Processing

2.2.1 Preprocessing

Preprocessing of cell images is an important step in image processing. It means a way

of making the image convenient for processing and post processing stages. Batenberg et

al. [16] used a homomorphic processing to compensate unevenness in lighting during the

preprocessing stage of bacterial microscopy image segmentation. Moreover, they used

Vincent Dome Transform and median filtering for denoising the images. In thier work,

median filter was used to remove salt and paper noises.

Jin et al. [17] used adaptive weighting averaging (AWA) technique to estimate the second

order statistics such as local mean and variance required by the wiener filter. They first

calculated the weighting factor of the mean and the variance, then they estimated the

mean and variance of the wiener filter based on the weighting factors. This denoising

technique had better accuracy as compared to non-weighted adaptive wiener filter. Never-

theless, the method was unable to remove the dot like noises in the cell images effectively.

Therefore, the authors tried wavelet based denoising filters. Even if the weighted wavelet

based filters offered more accurate results than the traditional wavelet based ones, they

were not effective in removing ripple like artifacts. As a result, the authors applied a

combination of weighted spatial based wiener filter and wavelet based filter and they got
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improved results.

Strella [18] has applied Wiener filter to blocks of wavelet coefficients. The study followed

steps below: first an orthogonal wavelet decomposition of an image corrupted by the

gaussian white noise is performed. Then general block covariance and the covariance

matrix of each block were estimated. Finally a wiener filter was applied to each block.

Following these procedures, the author was able to get good results as compared to the

wiener2 filter built in Matlab.

Median filters are often used to remove impulsive noises or salt and pepper type of noises.

These filters are better than the mean filters in preserving useful information in the im-

age. Wiener filter is usually used to remove additive gaussian noises. Nagu et al. [19]

cascaded median and wiener filters in series and found good results in denoising noise

degraded images.

2.2.2 Segmentation

Image segmentation is an important process that separates objects from background and

also from each other. The advent of con-focal microscope systems in 1980s opened the

door for three dimensional (3D) cell image analysis using segmentation techniques. Cell

image analyses have been the basis for numerous studies such as cell counting (numbers),

identification of cell types (phases), the quantification of cell migration (morph dynamics),

cellular sociology (tissue level organization) and intracellular structure (cell organization)

[9]. There are several methods which are applied for cell segmentations. These include:

• Variational Methods (contour based segmentations)

• Intensity Based Thresholding

• Edge Detection Based Segmentation

• Bottle Neck Detection and Ellipse Fitting Segmentation
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• Segmentation Based on Clustering

• Region Based Segmentation Methods

Even if there are varities of image segementation methods, selection of an appropriate

segmentation technique depends on type of image and applications [20].

Variational Methods (Contour Based Segmentations)

Variational method image segmentation techniques are based upon an energy functional

(function of function) where the optimum function represents a good segmentation. The

functional depends on a curve parameter. Contour based algorithms such as snakes are

parts of variational methods. The major drawback of these algorithms is the fact that

the functional is highly dependent on the curve parameterization. Hence the curve pa-

rameterization determine the partitioning of the image and terms such as image intensity

and image gradient, The variation of the curve parameter will indirectly affect the seg-

mentation result. As a result when the curve parametrization changes, the functional

energy will also change and the change of the functional energy is something undesirable

because it will affect the image segmentation result [21].

Intensity Based Thresholding

Intensity based thresholding method assumes that the intensity of the cells is quite dif-

ferent from the background signal and segments the cells. This technique may work fine

for images having a high contrast between the object and the background. It is specially

suitable for images that have bimodal histograms, i.e. if the histogram of the image has a

valley and a peak, global thresholding may be applied to differentiate the object and the

background easily [22]. But it is a poor segmentation technique for specially low contrast

images unless it is combined with other segmentation techniques or unless it is smartly

made adaptive. There are pitfalls of thresholding techniques if the optimum global thresh-

olding value is not found. Some of them include smaller or larger segmented regions and
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edges of segmented regions might not be connected. However, adaptive thresholding

which selects the thresholding value based on the statistical properties (mean, variance

and standard deviation) of the images and multi-thresholding which segments medical

cell images based on multiple thresholding values often have better accuracy.

Edge Detection Based Segmentation

Edge detection based segmentation techniques are usually applied for images that have

intensity discontinuities and borders. They are usually either search based methods or

zero crossing methods. The search based methods detect positions and directions using

the gradient magnitude, i.e. by applying first order derivatives on the image, whereas the

zero crossing methods find the position and direction of edges using laplacian operators.

The main problem of edge detection based segmentation techniques however is they have

less performance in low intensity variation borders or edgeless images. In addition, they

are poor segmentation techniques specially for noisy images.

Bottle Neck Detection and Ellipse Fitting Segmentation

Bottle neck detection and ellipse fitting segmentation techniques are also applied for seg-

menting overlapping cells [23]. At low magnification, cells resemble compact particles

and it may be wrongly counted as one cell. These algorithms are found to have good

performance in segmenting such type of cells. Bottle neck detection is used to first detect

the overlapping cells and then for further splitting the cells, ellipse fitting technique is

implemented. After applying these segmentation techniques on such cells, edge modifi-

cation is finally applied to the broken edges during the splitting phase [23].
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Segmentation Based on Clustering

Clustering techniques are also applied for cell segmentation. These algorithms start from

certain group of cluster centers. And euclidean distance between the center of the cluster

and the other pixels is calculated. If the distance is very near to the center, then the

pixel will be grouped to the cluster and then the mean value of all pixels in the cluster

will be taken as a new centroid and this algorithm continues until all pixels in the image

are grouped. One major drawback of these algorithms is that, however, it is usually

challenging to select the initial centroids of the image [24].

Region Based Segmentation Methods

Region growing algorithms are other type of methods that have been used for cell image

segmentation. They are methods of dividing the image into different regions based on

some sort of similarity criteria. This algorithms often give very good segmentation result

that correspond well to the observed edges [25].

One type of region growing algorithm is watershed transform. As compared to edge

detection techniques it is preferably used in noisy regions [16][26]. This segmentation

technique is usually used to segment touching cells. Atta-Fosu et al. [27] applied wa-

tershed segmentation algorithm combined with the Chan-ves algorithm to segment the

image of microscopically touched cells successfully.

Other type of the region growing algorithm is seeded region growing algorithm. Adams

and Bischof (1994) proposed an algorithm of seeded region based segmentation technique

which is controlled by set of pixels called seeds [28]. This algorithm starts from selected

seed points and iteratively add connected points to form regions. In this algorithm the

selection of the seed point is often difficult. Malek et al. [29] used regional and local

maximum values as the first seed point in their region growing segmentation technique

to segment the microcalcification in breasts. The difference of pixel intensity value and
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region mean is used as a measure of similarity between the seed and its neighbors for

grouping pixels to regions, i.e. the pixel with smallest intensity difference is allocated to

the region. The drawback of this seed selection technique is that all local maxima pixels

will be wrongly taken as seeds but there is the probability of the pixel to belong to the

background region.

For the first seed selection, there are various other techniques. Some of them include

competitive neural network, centroids of adjacent edges, texture features and intensity

based euclidean distance. Kansal et al. [30] used histogram based techniques, i.e. the

most frequently occurring pixel is taken as initial seed for region growing. The funda-

mental drawback of seed selection based on histogram, however, is that it does not have

spatial information of the seeds, i.e. only intensity information. And this in turn may

not work for some image datasets.

Even if there are varieties of cell segmentation algorithms, no single technique is suf-

ficiently flexible and robust to accommodate some or all of the complexities that may

present in cell images [22]. Major problems of most segmentation techniques especially

region growing include over segmentation and under segmentations. Over segmentation

occurs when more cells than expected are segmented. This is due to wrong initial seed

selection or over partition of one cell into two. Over segmentation has also extra com-

putation costs as it has additional seeds to grow. Nevertheless, if the size of the cell

is known initially then over partition may be circumvented by comparing the size of a

segmented cell with the standard cell size. If the size of a given segmented cell is less than

the standard cell size, it may be eliminated during the post processing stage via simple

thresholding. On the other hand, under segmentation occurs when some of the cells are

missed by the algorithm or when two close cells wrongly considered as one cell. Under

segmentation problem has no known solutions. Therefore it is usually preferable to have

over segmentation rather than under segmentation [22].
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A hybrid of the aforementioned cell segmentation methods usually produces a good

segmentation result [9]. For example hybridizing region growing algorithm with other

segmentation algorithms such as thresholding technique usually gives high accurate seg-

mentation of medical images [31]. It is the main intent of this thesis to investigate the

appication and effectiveness of a hybrid approach for use in robust analysis of OPT based

cell images.

15



Chapter 3

Effective Analysis of Cells based on OPT Image

Processing

3.1 Materials

To test the cell segmentation, human lung fibroblast cells were cultured in 3D gellan gum

hydrogel scaffold for one week and prepared for imaging by Janne Koivisto (Tampere

University of Technology) [32].

3.2 Image Acquisition

OPT acquires varieties of projection images at different angles depending of the desired

resolution. In our case, a biological sample is placed in a sample holder and projection

is taken at step angle of 0.9 degree. Full projections of an image are taken through 360

degree rotation of the sample for later 3D reconstruction. One projection of the sample

is taken at step angle of 0.9 degree and that results in a total of 400 projection images

captured in one full rotation [3] .

The projection images were acquired using in house built optical projection tomography

setup (Computational Biophysics and Imaging group, Tampere University of Technology).

A total of 2048 slices from 400 projection images were obtained using FBP algorithm.

Image acquisition and reconstruction of slices were done by Birhanu A. Belay (Compu-

tational Biophysics and Imaging group, Tampere University of Technology). The OPT

setup diagram is shown in Figure 3.1.
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Figure 3.1: Samples inserted in FEP tubes are rotated in the rotation stage (S) inside an
index matching water bath (B). A white light (LED 1) and a telecentric lens (L) are used
for bright-field imaging in transmission OPT mode. Fluorescence illumination is done
with 470 nm wavelength LED (LED 2), a band pass filter (F) and collimated with a lens
with diffuser (LD) in emission OPT mode. The detection system consists of objective lens
(Ob), a rotating filter wheel (FW) filter for a band-pass filter (used only for fluorescence
imaging), a pinhole (P), a tube lens (TL), and a sCMOS camera [15].

3.3 Preprocessing

Preprocessing is used to recognize the cell regions clearly which will be convenient for

segmentation. As the images are vulnerable to different artifacts and noises, preprocessing

of the images is a must. First each slice of the cell images was cropped so that they will

be processed fast. Simple automatic cropping was applied for this purpose. Next, the

ring-like tube walls were removed simply by substituting the pixels on the ring tube walls

with the median of the image. Generally the following steps were followed for removing

these artifacts:

• Find center of the image.

• Calculate the radius of all pixels lying on the ring-like tube walls.

• Use equation of a cirlce to get all the pixels around the circle.

• Calculate the median of the cropped image and overwrite the value of the pixels on

the ring-like tube walls with the calculated median value.
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Artifacts such as spikes were common on the OPT images considered and wiener filter

was used to remove these artifacts. Wiener filter was designed in such a way that the

mean square error between the undegraded image (ideal image) and the restored image

is minimized [17][33]. So this filter is one of the deconvolution filters that are used to

restore degraded images. In the book by Gonzalez and Woods [33], the error can be

mathematically stated as follows:

e2 = {x− x̂}2 (3.1)

where x is the undegraded image, x̂ is the restored image and the expected value is the

term inside the bracket. Minimizing this error term will give rise to the wiener filter.

Accordingly, the Matlab wiener 2D adaptive noise removal filtering function was used to

filter out the noises in the images. This function uses pixel wise adaptive filtering for a

given window size. However, applying the same window for filtering did not work well for

all image data sets considered in this thesis work. As a result, polynomial interpolation

technique is used to relate the window and additive noise power on each of the images.

The following steps were followed to choose optimal window to filter out the noise on

each of the slice images.

• Estimate the noise power of the image.

• Find the window of the wiener filter using the polynomial interpolation formula.

This polynomial relates the noise level of the image and the window of the wiener

filter and it was found from the experimental data of table 4.1. Polynomial of

degree seven (7) was used to relate the noise power and the optimal window. The

polynomial can be described as follows:

W = a0x
7 +a1x

6 +a2x
5 +a3x

4 +a4x
3 +a5x

2 +a6x+a7 (3.2)

where W is the window of the wiener filter, x is the power of the noise and the

a’s with subscripts are cofficients of the polynomial which are determined from the
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interpolation.

• Apply this optimal window to filter out spike noises and gaussian noises in the

image using deconvolution wiener filter.

3.4 Segmentation

For the purpose of segmentation of cell slice images two algorithms were used. The

first one was region growing algorithm and the second one was moving average adaptive

thresholding technique. The accuracy and efficacy of the two algorithms will be compared

in the result section.

3.4.1 Automatic Seeded Region Growing Algorithm

Seed based region growing algorithm performs segmentation based on the selected seed.

Starting from the original seed, the region will grow based on a certain criteria of inclusion

such as intensity, texture, color or frequency of occurrence of a pixel. In the region growing

algorithm the first aim is to determine the initial seed point. And this step is critical for

the success of the region growing algorithm.

Proposed seed selection algorithm

Seed selection method is one of the critical steps of region growing segmentation. The

seed selected must be highly similar with other pixels of the region of interest (ROI)

and at least there should be one seed pixel to grow to a certain region of interest. The

proposed seed selection method involves spatial based intensity technique. The automatic

seed selection method employed for the segmentation of the cell images can be described

in the following steps:

1. Low intensity (darkest) pixels were sorted out with their coordinates from the pre-

processed cell slice images. To select low intensity pixels, thresholding from the

histogram image was applied [34]. This thresholding technique was related with

the mean grey level of all pixels seen on the image.
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2. From the sorted pixels above, iteration was done to get one representative pixel per

region. This pixel was chosen based on the euclidean distance of the coordinates

of the pixels. If all the pixels are within the maximum diameter of the cell, then

only one representative pixel will be selected. That is, first one darkest pixel was

selected. Then the euclidean distance between the pixel and all the darkest pixels

was computed. If the distance is within the maximum distance of the selected pixel

then only one representative pixel will be selected. So in this step only unique pixels

per region were selected.

3. Group of pixels (seeds) to grow were selected. If the spatial distance (euclidean

distance) between the representative pixel in step 2 and any darkest pixel in step 1

is less than the maximum diameter of the cell, the pixel will be included in the seed

group or else it will be skipped. In our case, not greater than 11 pixels were used

as seed group depending on the cell size, i.e. each seed will grow independently to

one cell (region).

4. Grow each seed in step 3, using region growing technique which is described below.

Figure 3.2 presents the flow chart of the proposed seed selection algorithm.

Region Growing Algorithm

Region growing algorithm is described in the following steps:

1. For a given image having the seed pixel coordinates and maximum intensity differ-

ence of region pixels (in our case the difference of median of the image and intensity

of seed pixel), the first step is taking the intensity of the seed pixel as the initial

mean of the region to grow.

2. Check whether minimum distance between the pixel and its neighbor is less than

maximum intensity distance (8 neighbor pixels are used).

3. Calculate coordinates and intensities of neighboring pixels.
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Figure 3.2: Flow chart of the proposed seed selection algorithm.

4. Check whether or not the neighbor pixels fulfill the inclusion criteria. If yes, include

it in the region and go to step 5 else skip the pixel.

5. Calculate the pixel distance as the difference between the intensity of neighbour

pixel and the previous mean. And the pixel with minimum pixel distance will be

taken as a new seed.

6. Calculate new region mean based on the included pixels and intensity

7. Assign the new coordinates of the selected pixel (new seed) to x coordinate and y

coordinate and go to step 2.

8. Repeat the process (steps 1-7) until all seed pixels in different regions grow.

Figure 3.3 presents the flow chart of the region growing algorithm.
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Figure 3.3: Flow chart of region growing algorithm.

3.4.2 Moving Average Adaptive Thresholding Algorithm

Moving average is the calculation of a mean of some trend from the previous mean and

the current value. This means the previous mean is summed with the current value and

the result is divided by two.

Researches that were done by Armstrong in 1984 and Makridakis in 1995 have shown

that moving averages outperform other averaging techniques such as simple averaging ,

weighted averaging and exponential weighting techniques for studying market trend anal-

ysis [35]. Regarding our OPT cell images, even if the artefacts of each pixel in the cell

slice images are different, they show somehow similar trends. Therefore moving average

adaptive thresholding algorithm could be a preferred technique for effective segmentation

of the images. As a result, the moving average of each pixel is calculated and the final

moving average is taken as a threshold value for segmentation.
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To determine the moving average adaptive thresholding, we assume the image as a one

dimensional stream of pixels. The average intensity value of each pixel is calculated from

its own intensity and the moving average of the previous pixel. After the calculation of

the moving average of the first row of pixels from left to right, moving average calcula-

tion of pixels continues from right to left. This kind of scanning is called Boustrophedon

scanning (scanning method of alternative lines in opposite direction similar to traditional

Oxen plough). That means the pixel following the last pixel in the row i will be the last

pixel in row i+ 1 and so on [34].

According to [34], The moving average of the first pixel can be calculated mathematically

as follows:

Mi = 0.5Nc
8 (3.3)

where: Mi is moving average intensity of first pixel, Nc is the number of columns in

the image and the moving average of first pixel is taken to be approximately the half

intensity value of the grey scale divided by eight [34]. Hence we are using normalized

data (between 0 and 1), the half intensity was 0.5.

To determine the moving average of the rest of pixels, the moving average moves from

left to right and back to left. Mathematically the moving average of the other pixels can

be determined by the following formula.

Mi+1 =Mi−
Mi

n
+gi+1 (3.4)

where:

Mi+1 is the moving average intensity of next pixel,

Mi is the moving average intensity of current pixel,

n is the number of previous pixel seen, and
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gi+1 is the intensity of next pixel whose moving average is to be calculated.

Once, the moving average of all the pixels is done. The average threshold of the image is

calculated as follows:

Threshold= Ml

n
× 100−pct

100 (3.5)

where, Ml is the moving average of the last pixel of the image and pct is the fixed percent-

age value. The value of pct is taken to be 23 for the specific OPT cell image threshold

calculation considered in this thesis which was choosen experimentally. To determine

the pct value, numbers from 0 to 100 were tried for the last threshold value calculation.

Accordingly, a pct value of 23 works successfully to get the optimum threshold value for

segmenting all the slice images. The value of pct was chosen experimentally also in other

studies [34]. Every pixel which is less than the adaptive threshold calculated above is

assumed to be the pixel of the cells. Then this optimal threshold value is applied to

segment the cells. The likely pitfall is that searching and getting the fixed percentage

value of the images experimentally is challenging.

3.5 Post Processing

In some of the segmented images, holes were observed and the Matlab inbuilt function

imfill was implemented to fill these gaps. And dilation operators such as closing were

used. Also during the post processing stage, the regionprops inbuilt Matlab function was

used to calculate area, perimeter and mean of the segmented region.

To calculate area of segmented images, the following steps were used.

• First the segmented image is converted to binary;

• The segmented binary image is labeled;

• Region boundaries of the segmented images are determined;

• Area (number of pixels) in each segmented region is finally calculated.
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3.6 Stacking Segmented Images to 3D

3D Visualization, processing and measurement were done both on imageJ and Matlab.

The segmented image sequence can be imported and the 3D image can be visualized

using 3D Viewer or 3D volume of plugin menu in imageJ [36]. To stack segmented slices

using matlab, the following general procedures were followed:

1. First 3D matrix was created using the segmented slices, i.e. empty 3D matrix was

created and then segmented slices were stored in the 3D matrix.

2. Then the 3D matrix was passed to the Matlab inbuilt function isosurface .

3. And then the inbuilt Matlab function patch was applied to stack the segmented

slices into 3D.

Rough schematic of the complete image processing algorithms proposed in this thesis are

shown in Figure 3.4.
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Load each slice of the OPT images

Preprocessing of the slices i.e., cropping
slices and filtering of noises on slice images

Segmentation phase: using region
growing algorithm or moving aver-

age adaptive thresholding technique

Post processing of the slices, applying dilation
operation (opening and closing) to correct

over and under segmentation problems

Stack the segmented slices to 3D

Quantification Phase: calculate area
of 2D slice cells and then compute
volume and mean intensity of 3D

cells using summation of the areas

Figure 3.4: Block diagram of the proposed scheme.

3.7 Volume Quantification

For quantifying the volume of each of the 3D cells, two methods were used.

In the first method, the procedure listed below was followed.

1. Calculate the volume of part of the cell in a slice image. The volume of the cell

part in one slice can be estimated by multiplication of the area of the cell part by

the slice thickness.

2. Calculate volume of the cell part in all the slices where the cell part exists.

3. Sum all volumes of cell parts in step 2 to get the total approximate volume.
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In the second method, the following procedure was followed.

1. Stack the slices to 3D.

2. Find the centroids of each of the 3D cells.

3. Label each of the 3D cells based on the location of their centroid.

4. Calculate the volume of each labeled cells in step 3.

3.8 Deconvolution of 2D Projection Images

Limited depth of field for high resolution OPT leads to tangential and radial blurrings

in the reconstructed OPT projection images. Resolution of OPT images depends on

the numerical aperture and the wavelength, i.e. it depends on the size of the airy disk

according to the following formula.

rAiry = 0.61nλ
NA (3.6)

where: n is refractive index, λ is wavelength rAiry is the radius of the airy disk and NA

is numerical aperture of the lens. And the depth of field (DOF) is inversely related with

the resolution according to the following formula.

DOFmax = 1.305nλ
NA2 (3.7)

Based on the relation given in equation 3.7, for high numerical aperture lens system the

depth of focus is low and this leads to blurring of reconstructed images. Other ways of

reconstruction methods should be available to work around the blurring issue. Recently

a way of OPT image reconstruction based on calculation of the point spread function has

been suggested [4]. The method is briefly explained below.
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Point Spread Function (PSF) Calculation and Deconvolution

Recently, Trull et al. [4] used the 2D gaussian PSF for use in iterative reconstruction of

OPT images using the following formula.

h(x,z)2 = 1√
1 + z2

z2
R

e

−x2

wo

√
1+ z2

z2
R (3.8)

where wo is beam waist, x is the x axis ,z is the z axis, h(x,z)2 is 2D gaussian function

along the y direction and zR can be mathematically expressed as follows:

zR = π
wo2

λ
(3.9)

where wo is beam waist (gaussian amplitude defined as 1/e of value of field amplitude in

focus) and λ is the wavelength.

By applying the PSF function in equation 3.8 (with appropriate parameters mentioned

on the result section), we could deconvolve the projection of OPT images to enhance the

appearance of the cells during image reconstruction. For the deconvolution, we applied

the Richardson-Lucy algorithm [33].
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Chapter 4

Results and Discussion

4.1 Preprocessing

The OPT image data set consists of 400 projection images. A total of 2048 slices were

reconstructed from 400 bright field projection images. Even if the cells in all slices are

uniformly distributed through out the sample, there are no cells around the periphery

of the cell images and hence simple automatic cropping of the images with an optimal

radius should get ride of regions with few or no cells present. As a result of cropping,

the size of the original image slice was reduced from 1700×1700 to 1301×1301. The

effect of such cropping has been demonstrated in Figure 4.1. To know the distribution

(a) (b)

Figure 4.1: (a) Original cell slice image, and (b) Automatically cropped image.

of pixel intensities, histograms of the slices were plotted. The histogram of most of the

slices behaved similar to the one depicted in Figure 4.2. The pixel normalized grey level

intensities are mainly concentrated between 0.37 and 0.48. On original cell slice images,

there were ring shaped tube holes. For ease of latter processing stage, the pixel values
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Figure 4.2: Typical histogram of cell slice images.

located on the ring-like tubes were substituted by the median value of the slice images

for the first few slices.

The ring outside the cell images is removed to speed up the segmentation process. The

ring tube has certain horizontal thickness and some cells were visible on the ring-like

tubes, particularly for those slices located around the middle of the 3D image stacks.

For that reason only pixel intensities located outside the outer ring were replaced by

the median of the original image not to affect intensity values of the cells. Figure 4.3.

compares two OPT image slices before and after removal of the ring-like tube walls.

30



(a) (b)

Figure 4.3: (a) Original cropped image, and (b) Image after removal of ring-like tube
walls.

In the original cell slice images, there were spikes specially around the cell areas. In order

to remove the spikes and other additive noises, adaptive wiener filter was applied on each

slice. The adaptive wiener filter also calculates the average adaptive noise of the cell slice

images and the window of the filter for specific images was calculated from the average

adaptive noise of each slice. Based on experiments done on the image slices to choose the

best correlation function, it was found that the noise level and the adaptive local window

were best related with a degree seven polynomial fitting function. For demonstration

purpose, the adpative wiener filter applied on the very last OPT reconstructed slice (the

2048’th slice) is presented on figure 4.4. As shown in the figure, the additive noise and

spike like structures seen on the original image are significantly removed (based on a

visual assessment) on the filtered counterpart.

31



(a) (b)

Figure 4.4: (a) Original cropped image, and (b) Filtered image using adaptive wiener
filter.

Table 4.1 presents the optimal window sizes used for typical cell image slices. The very last

group of slices were generally degraded with high level of average noise (higher additive

noise power) than the rest of the slices. For that reason the order of the adaptive wiener

filter used to remove the degrading noise was typically higher for the very last cluster

of slices. For instance the wiener filter applied on the bottom (first slice) was of order

7 while the top slice (last slice) used a wiener filter of order 23. The slice numbers in

table 4.1 were taken randomly for demonstration purpose just to show the relationship

between the average power noise and the size of the wiener window. As can be seen on

the table as the average slice image noise power increases, as the order of adaptive wiener

filter increases. In all cases wiener filter was effective in reducing the noise.

Slice number 1 301 650 920 1950 1970 2048
Average power of
noise per cell

0.138 0.166 0.152 0.159 0.273 0.299 0.401

Wiener windows
applied for filtering

7 7 7 7 17 21 23

Table 4.1: Relationship between average noise/cell and local window of adaptive wiener
noise removal filter.
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4.2 Segmentation

4.2.1 Simple Thresholding

Intially simple thresholding was applied for segmentation. The result of applying a sim-

ple thresholding (with a manually set threshold value which was chosen based on the

histogram information given in Figure 4.2) on a cell image slice found around the bottom

part of the 3D stacked image is depicted in Figure 4.5. An advantage of simple thresh-

(a) (b)

Figure 4.5: (a) Preprocessed image, and (b) Segmented slice image using simple thresh-
olding.

olding is mainly its simplicity to be applied as it only requires selection of a threshold.

If the same threshold has to be applied to segment many slices, it will result in wrong

segmentations. For that reason, one should manually select the right threshold value that

works for a given cell image slice. The approach is truly cumbersome as well as lack-

ing robustness. A better thresholding scheme should result in more accurate and robust

outcomes.
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4.2.2 Automatic Seeded Region Growing Algorithm

Figure 4.6 compares the efficacy of the automatic seeded region growing algorithm with

that of simple thresholding approach presented here for demonstration. The simple

thresholding approach missed to segment a number of cells that appeared on the original

image while the region growing algorithm was able to detect all of them. The simple

thresholding scheme very much fragmented the cells while the region growing approach

offered more compact results. The performance difference gets more pronounced when

dealing with cells surrounded by a high level of noise in which case the region growing

approach showed a much superior performance than the simple thresholding.

Incase of simple thresholding, getting the optimum threshold value is very challenging,

the automatic seeded region growing approach, however, solely depends on the seed se-

lection step. The seed selection process is explained in the previous chapter.

Even though the region growing approach offered commendable results than simple

thresholding, it also comes with its own pitfalls, the major one being over segmenta-

tion issue. The method sometimes considers some non cell artifacts surroundig the cells

as part of the cells which results in exaggerated cell sizes.

34



(a) (b)

(c)

Figure 4.6: (a) Preprocessed image, (b) Segmented slice image using simple thresholding
algorithm, and (c) Segmented slice image using ASRG.

4.2.3 Moving Average Adaptive Thresholding Technique

Moving average adaptive thresholding technique has better robustness compared to sim-

ple thresholding technique and automatic seeded region growing technique. As demon-

strated with examples, the approach offered better results when dealing with cell images

with a great deal of noise content in them.

35



Figure 4.7 compares the performance of the automatic seeded region growing algorithm

with that of the moving average adaptive thresholding scheme on two selected cell image

slices. The segmentation results clearly shows that there is a considerable difference be-

tween the two approaches. Based on a qualitative (visual) assessment of the two results,

it was found out that the region growing approach over segment cells particularly in cases

where the cells are surrounded by pronounced noise artifacts and spikes. Note that two

consecutive slices taken from the 3D volume were considered in figure 4.7 to compare the

two algorithms.

Moreover, the size of segmented cells in automatic seeded region growing algorithm are

greater than that of the moving average thresholding. And this in turn will have an effect

in the 3D visualization later.

The image subtraction result of the two algorithms is depicted in figure 4.8 below.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.7: (a) Preprocessed image of slice 1, (b) Preprocessed image of slice 2, (c)
Segmented image of slice 1 using ASRG, (d) Segmented image of slice 2 using ASRG ,
(e) Segmented image of slice 1 using MAAT, and (f) Segmented image of slice 2 using
MAAT.
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Figure 4.8: Image subtraction result of moving average adaptive thresholding and auto-
matic seeded region growing algorithm (region growing-moving average).

4.3 Post Processing of Cell Slice Images

Even if a segmentation technique with better accuracy was applied on each slice im-

ages, it was common to see few discontinuities around some of the segmented cells. This

discontinuity may appear on the image either due to unresolved spike noise during the

preprocessing stage or due to the very low intensity and resolution of cell part during

image acquisition. As shown on the original image in Figure 4.1, for example, cells with

spikes have very bright pixel intensities (spike noises). Unless these spikes are removed,

these regions will most likely create gaps during the segmentation phase. Adaptive wiener

filter minimizes these noises significantly, however, it is challenging to remove these noise

completely as it will affect the whole cell region. Moreover, in some cells it was common

to see very low intensities either around the border of the cells or around the central

region of the cells. This might happen due to the resolution of the OPT or due to the

scientific Complimentary Metal Oxide Semiconductor (sCMOS) camera detectors.

Therefore it was essential to apply post processing techniques to circumvent the above

mentioned challenges. The following steps were followed accordingly. First an average
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distance between discontinuity pixels was calculated. Next simple dilation operators such

as closing was applied on the image to close the gaps between the splitted cell parts. And

then the inbuilt matlab function imfill was employed to significantly minimize the dis-

continuity (gaps).

Moreover, during the segmentation of slices, there are particles which have highly similar

intensities with the cells in the slice. The particles typically are smaller in size than cells.

Hence based on size features, Matlab ismember built in function was used to eliminate

the particles. Figure 4.9 presents the segmentation performance of the moving average

scheme after the application of the imfill (post processed image). Broken cell segments

appeared to be joined after the imfill function was applied.
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(a) (b)

(c) (d)

Figure 4.9: Post processing result: (a) Original cropped image, (b) Preprocessed image,
(c) Segmented image using moving average, and (d) Postprocessed image.

4.4 Slice Based Cell Counting and Cell Area Calculation

In 3D cell culture, quantification of number of cells is required to analyze how many cells

are grown and how many new cells are emerging out. To count existing cells, first all

cells need to be labeled . The labeling is done from right column to left. This was done

using the Matlab built in bwlabel function. The number of cells in a given slice is then
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simply the maximum number of labeled cells in that slice.

The area of each cell was also computed using Matlab following the steps previously

explained in chapter 3. Figure 4.10 presents the labeled cells of first slice for calculating

the area of each cell.

(a) (b)

Figure 4.10: Matlab based area calculation: (a) Segmented slice of automatic seeded
region growing for area calculation, and (b) Segmented slice of moving average adaptive
thresholding for area calculation.

Table 4.2 compares cell areas computed using the Matlab based scheme explained in this

thesis applied on segmented images using MAAT and ASRG method. In most cases the

region growing method tends to over estimate the cell areas. This is consistent with the

segmentation result obtained from the two results in which case the ASRG scheme tends

to over estimate the cell regions than the MAAT scheme.
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Cells 1st cell 2nd cell 3rd cell 4th cell 5th cell 6th cell 7th cell 8th cell
Cell
area
(MAAT
method)

166 27 42 266 57 4 98 12

Cell
area
(ASRG
method)

83 93 137 36 132 391 34 79

Table 4.2: Cell numbers and their corresponding area in pixels matlab result for moving
average adaptive thresholding and automatic seeded region growing algorithm.

4.5 3D Stacking and Analysis Using MATLAB

3D volumetric Visualization of cells is one interesting aspect in 3D cell culture studies.

The segmented 2D slices need to be stacked along the z direction for a complete 3D

visualization. In this thesis 3D volume stacking was done using the following quick

procedures. First all slice images were copied to a 3D matrix, next the Matlab built in

patch function was used to stack the 2D slices along the z direction. One thing to note

here was that the stacking was generally a computationally intensive procedure to be

implemented on ordinary computing device with small number of cores. This limits the

number of segmented OPT reconstructed images that need to be visualized in 3D. Figure

4.11 presents both the top as well as the side views of a 3D stacked group of segmented

OPT slices.
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(a)

(b)

Figure 4.11: Matlab 3D stacking results: 3D stacking of 150 segmented cell image slices
top view (a) and side view (b).

4.5.1 Volume Quantification in Matlab

To quantify the volume of each cell in 3D, each of the 3D cells are labeled with numbers

and then the volume of the labeled cell images is calculated. The labeled 3D cells of the

first 20 stacked slice images is shown in Figure 4.12 below.

The volumes of the first 7 labeled cells are shown in Table 4.3 below.
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Figure 4.12: 3D labeled cells for volume quantification

3D Cells 1st cell 2nd cell 3rd cell 4th cell 5th cell 6th cell 7th cell
Volume (µm3) 1201.8 1414.9 8394.7 5143.2 125.2 19.77 5228.8

Table 4.3: 3D Cell numbers and their corresponding volume Matlab result (2D segmen-
tation algorithm: MAAT).

4.6 3D Stacking and Analysis using ImageJ

Other than Matlab, ImageJ also provides very good 3D visualization capabilities. In Im-

ageJ, there are plugins which allow to visualize 3D data. Among all plugins, the volume

viewer and ImageJ 3D viewer plugins are used to visualize the 3D stacked data from

given 2D segmented slice images. The 2D segmented images are first imported to ImageJ

as image sequences and stacked using ImageJ3D viewer.

Figure 4.13 presents both the top as well as the side views of a 3D stacked group of

segmented OPT slices using the ImageJ plugins. Compared to Matlab, ImageJ allows

stacking of more number of slices into 3D being more efficient than Matlab.
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(a)

(b)

Figure 4.13: ImageJ 3D stacking results: (a) 3D stacking of 500 segmented cell image
slices top view (a) and side view (b).
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Figures 4.14 and 4.15 compare the 3D stacking results using ImageJ plugins for the

two methods namely the region growing and moving average methods. The top view

appearance using both methods might look similar. However, the side views are very

different. Ideal cell shapes are close to spherical. The side view appearance on the moving

average segmented images are much more spherical than that of the region growing based

segmented cells. This is what was expected indeed; the 3D stacking performance mostly

depends on accurate and robust segmentation of the cells in each of the cell image slices.

As demonstrated earlier, the slice based segmentation outcomes of the moving average

adaptive thresholding method is superior to that of the region growing scheme, the simple

thresholding method being the worst performer. As a result the 3D stacking results using

the moving average scheme out performed the region growing scheme. This will in effect

define the overall accuracy of further 3D cell quantifications.
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(a)

(b)

Figure 4.14: ImageJ based 3D top view visualization of OPT segmented cell image vol-
ume using automatic seeded region growing algorithm (a) and moving average adaptive
thresholding method (b).
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(a)

(b)

Figure 4.15: ImageJ based 3D side view visualization of OPT segmented cell image
volume using automatic seeded region growing algorithm (a) and moving average adaptive
thresholding method (b).
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4.7 3D Volume Qauntification using ImageJ

To calculate the actual volume of each cell in ImageJ, slice based (2D based) volume

calculation is followed. First, the cells on the first slice are all labeled. Note that the

actual pixel dimension of all OPT images considered in this thesis was 1.3µm × 1.3µm.

That means every pixel has a length of 1.3µm. This length was used as a scaling parameter

for ImageJ implementation. To calculate the volume of a single 3D cell, first the area of

the cell part in each of the slices wherever the cell part exists is calculated using measure

stack ImageJ plugin and multipled by the slice tickness (1.3µm) to compute the volume

on that slice. The sum of all volumes on each slice will approximate the total volume

of the cell in µm3. ImageJ outputs the actual volume of the cell for a specified scaling

parameter.

Figure 4.16: Cell Labeling applied on the first OPT cell image slice.

Figure 4.16 shows labeling of cells applied on the first OPT slice. A total of 33 cells

were labeled. For example the cell labeled number 1 spans a total of 5 consecutive slices
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starting from the very first OPT slice. Some statistics including volume of cell on a single

slice(area× slice thickness), minimum as well as maximum intensity values for this cell

on each of the 5 consecutive slices where it spans are presented in Table 4.4. The volume

Number Volume of cell part
in a single slice(µm3)

Min intensity Max intensity Slice no

1 364.7 0 255 1
2 371.29 0 255 2
3 307.58 0 255 3
4 92.27 0 255 4
5 65.91 0 255 5

Table 4.4: Statistics of first cell.

of the first cell is then approximately the sum of volumes of cell part in each slice in the

5 consecutive slices as shown in table 4.4.

The actual volumes of the remaining labelled cells could be computed in a similar way.

Table 4.5 presents the volumes of five selected cells computed from cell images segmented

using the moving average adaptive thersholding technique as well as the region growing

algorithm. Again, the region growing algorithm mostly tends to over estimate the total

volume of cells. As it is shown in table 4.5, there is a considerably high discrepancy

between the two methods.

Cell No One Three Six Eight Ten
Volume (µm3) using MAAT 1201.8 11489.0 5184.9 118.6 5523.3
Volume (µm3) using ASRG 1507.1 16537.0 6197.0 331.7 8526.0

Table 4.5: Volume of the first 5 labeled cells in Figure 4.16 in cubic micrometer using
ASRG and MAAT algorithms.

4.8 Comparison of MAAT and ASRG Algorithms

Generally the adaptive thresholding and the region growing algorithms are compared in

terms of their efficiency, accuracy, size of volume of cells, area of 2D slices of cells and

consistencey of segmentation as shown in Table 4.6 below.
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Criteria of comparison Region Growing (ASRG) Moving Average (MAAT)
Accuracy Medium Good
Efficiency Slow Very fast (30x faster than

ASRG)
Volume of
3D cells

Over estimated Visually close to
the actual cell volume

Area of cells
on 2D slices

Over estimated Visually close to
the actual cell volume

Consistencey of
segmentation

Consistent but
the shape differs

Consistent

3D visualization
of cells

Many cells appear
irregular in shape

Less irregular
in shape

Table 4.6: Comparison of the performance of the two algorithms namely automatic seeded
region growing and moving average adaptive thresholding.

4.9 Result of Deconvolution of Projection Images Using PSF

Following the discussion in Chapter 3, the PSF was computed using the following OPT

parameters: as OPT uses green light spectrum, the wavelength (λ) was taken to be

500nm. The calculated beam waist (wo) was 1.1368µm. The full width at half maximum

(FWHM) can be calculated using the wavelength and the beam waist using the formula

in Equation 4.1.

FWHM = 1.028 λ

wo
(4.1)

The sigma (standard deviation of the PSF gaussian) can be calculated from the FWHM

as follows:

σ = FWHM

2
√

2ln2
(4.2)

where σ is the standard deviation.

The resulting PSF will have the shape shown in Figure 4.17 where around 99.97% of

the gaussian data is located within 3 × σ (standard deviation). As said in Chapter

3, in order to enhance the projection images using the calculated PSF, the Richardson

Lucy algorithm was utilized [33]. The Matlab in built function deconvlucy with 10 and

400 iterations resulted in a deconvolved image that is presented in Figure 4.18. Typical

differences are observed on the projection images before and after the application of the
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Figure 4.17: The shape of the calculated PSF.

PSF. This is so particularly in areas where spikes are visible. There is a great deal of

enhancement obtained by the application of the PSF. As the number of iteration increases,

the image gets more enhanced. Regions around the image boarders are corrupted due

to edge effects. No effort was exerted to correct the edge effects even though there are

methods already discussed in the literature on how to deal with edge artifacts and that

step is beyond the scope of this thesis study.
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(a) (b)

(c)

Figure 4.18: Deconvolution result: (a) Original projection image, (b) Deconvolved projec-
tion image using the calculated PSF after 10 iterations, and (c) Deconvolved projection
image using the calculated PSF after 400 iterations.

53



Chapter 5

Conclusion and Recommendation

5.1 Conclusion

OPT is a new technique used to image cells in 3D cultured in a hydrogel. It uses stan-

dard FBP algorithm to reconstruct the images, however its use of photons in the visible

spectrum urges it to have limited depth of field for high numerical aperture lens system.

As a result, there are tangential and radial blurrings in the reconstructed images of OPT.

In addition there are several artefacts in the reconstructed slice images of OPT. Several

researchers came up with different techniques to alleviate these problems.

In this thesis work, varities of image processing approaches were applied to ameliorate

the 2D slice images of OPT. For instance in the preprocessing stage wiener filter with

automatic window selection technique was applied. And this significantly minimized the

artefacts of 2D slice OPT images. And for better 3D visualization of cells, two seg-

mentation algorithms namely automatic seeded region growing algorithm and moving

average adaptive thresholding techniques were tested. And then segmented slices of both

alogrithms were independently stacked to 3D to observe cell interactions in 3D. The 3D

stacks from segmented images of the two algorithms mentioned above were carefully an-

alyzed. Based on visual assessment of the final 3D stacked slices, it was found that the

moving average adaptive thresholding scheme out performed that of the region growing

approach. Generally, the region growing approach was found to over estimate cell dimen-

sions. The complete 3D characterization and quantification of the cells was found to be

highly dependent of the performance of the 2D slice based segmentation scheme.
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5.2 Recommendation

Even though the segmentation technique used in this thesis work offered commendable

results, there are still rooms to improve its performance particularly when it is applied

to OPT slices with high degree of difficulties (pronounced level of noise and spikes). A

complete 3D segmentation of the cells also could be tried instead of the slice based seg-

mentation scheme discussed in this thesis. It is believed such a complete 3D segmentation

scheme could improve not only the accuracy but also the computational efficiency as well.

The idea of enhancing OPT projections using the point spread functions discussed in this

thesis is at its preliminary stage. The final reconstruction of a new set of OPT images that

could be compared against the OPT data that used the natural filtered back projection

scheme could be interesting to look at. Furthermore, the potential clinical implications

of the results found in the thesis await further investigations.
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