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The role of imaging in medicine, drug discovery and fundamental cell biology 

research is largely to qualitatively verify the results of chemical assays. In this 

secondary capacity, human judgment or computer-aided analysis techniques are 

utilized to identify features in images that signify the presence of disease, drug 

response or other significant changes from a control condition. Full automation of image 

analysis has two potential benefits: to increase the turnover of analysis and generate 

diagnostic data more rapidly, but more importantly to extract quantitative details about 

patient samples and experimental specimens. Via statistical analysis, image-based 

quantitative parameters have the power to reveal subtleties that the human eye cannot 

detect, and they may also improve the ability to compare and standardize images used 

for diagnostic and research purposes. This work promotes new methods to overcome 

traditional obstacles to automated image analysis of cells expressing fluorescence 

proteins while improving the detected cell boundary. Methods to attenuate the influence 

of Gaussian-distributed pixel noise are discussed as well as a spatial filtering technique 

that removes blurring effects from brighter regions in images that can significantly skew 

local cell boundaries. Measurement of shape in response to drug treatment or other 
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molecular stimuli has provided the foundation to accurately identify the critical cell 

features present or absent given the stimulus. Those features can help to establish a 

cell shape manifold to quantitatively describe dynamic cell behaviors and capture them 

with their intrinsic mean, rather than by non-representative extrinsic means of 

parameters projected onto a Cartesian space. In that sense, changes in behavior that 

manifest physically due to some perturbation can be represented as geodesic paths on 

the manifold with efficiency relative to the Riemann distance between those states. 

Thus, seemingly redundant cell responses can be distinguished by their geodesics, 

helping to explain the complexity of cell behavior in processes like wound healing and 

metastasis. Together with automated image analysis, a platform to improve the 

diagnostic capability of physicians is one potential translational application of this work. 

The general framework could have a broad range of other applications in computer 

vision and military defense. 
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CHAPTER 1 
INTRODUCTION 

This dissertation took root while many Chemical Engineering departments were 

progressively transitioning to include a Biomolecular/Biomedical direction in their 

academic mission. This transition period held many challenges since funding for 

biology-related research has so firmly been awarded to purely medical/biological 

institutions, but those challenges also guided the Brownian motion of many 

multidisciplinary researchers, trying to gain a foothold in a hybrid field. The path of this 

document was motivated by the same guiding forces, beginning by addressing purely 

biological problems and adapting the available engineering tools to create novel 

solutions. Often, a discrepancy in the language and training of two previously disparate 

fields of research provided obstacles to progress, but then led greater clarity and ability 

to communicate previously inarticulate ideas. 

The organization of this work begins with the consideration of cells and the 

molecular factors that contribute to their migration, structure and pathology. These 

founding ideas motivated the investigation of image processing and computer vision as 

necessary tools to quantify the previously qualitative observations of cellular behavior. 

The remainder of the introduction chapter attempts to introduce these ideas in clear 

language and sufficient detail that a reader with a background in either engineering or 

biology could find comfortable and still necessary to grasp the later direction. Chapter 2 

offers more detail about image processing, introducing the brief history of the field 

before introducing two new methods for handling pixel noise and low spatial frequency 

error intrinsic to fluorescent micrographs of single cells. On their own, these techniques 

could directly support medical imaging and various other computer vision applications, 
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but they also lead to the concepts in Chapter 3 due to their ability to accurately quantify 

the boundary of single live cells. Thus, the measurement of cell parameters is 

discussed, first to suggest that the quantification of cell shape is related to the 

underlying molecular activity driving cellular architecture and migration behavior, and 

then to demonstrate that new mathematical tools exist that may be able to more 

precisely characterize cell heterogeneity. 

Ultimately, the conclusion and recommendations tie together the themes from 

biomedical questions, image processing efforts and quantitative cell shape analysis to 

suggest a vital role for this multidisciplinary strategy for future research. Even so, the 

engineering tools contained herein have a much greater variety of uses than specific 

biomedical applications; hence, throughout the document, an emphasis on explanation 

is maintained. Thus, the more vital contribution of this dissertation is that it may serve as 

a Rosetta stone to aid the translation of ideas between fields of research and foster the 

fusion of disparate fields by providing a reference and foundation for new generations of 

multidisciplinary students. 

Motivation 

Cells are the fundamental building blocks of higher organisms. Cell shape and 

adhesion to the extracellular matrix and neighboring cells is a huge factor in the 

hierarchal organization of tissues and organs (Bissel et al., 2005). In the clinic, 

physicians regularly perform visual analysis of biopsy samples, histological slides or 

medical images to note the differences from normal physiology (Shah, 2009). However, 

the protocols to detect molecular biomarkers from patent samples through traditional 

molecular biology techniques were firmly established by the 1970s. In contrast, 

computers and cameras did not have the sophistication to be clinically useful until 
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comparatively much later, in the 80s and 90s (Duncan, 2000). The discrepancy in 

development has been enough to push computer vision and image analysis into a 

secondary role behind molecular techniques.  

Imaging and image analysis has an unlocked potential to drastically change 

diagnostics and patient care given the proper support and development (Bickle, 2008; 

Beck, 2011; Rimm, 2011). This potential is already being realized in the realm of 

fundamental research, which has recently witnessed the emergence of super-resolution 

techniques such as STORM and PALM (Schwartz, 2011). The fine structures of cellular 

features are typically obscured because their size is below the optical limit of detection 

by light, but through repetitive measurements of point sources of light along such 

structures, the centroids of each small signal can be reconstructed into a histogram that 

appears to be a beautiful, high-resolution image of the desired structure (Huang et al., 

2010). However, information at that length scale is difficult to translate into a medical 

application and the cost and limited availability of the hardware prevents super-

resolution techniques from reaching smaller facilities. 

The likely candidate that could greatly impact medical imaging is fluorescence 

microscopy due to its low cost and widespread availability (Pepperkok et al., 2006). The 

emergence of the CCD chip and modern computers and storage combine to create a 

powerful package to rapidly gather and analyze massive amounts of data (Thomas, 

2009). This framework is already at work in the field of drug discovery to a certain extent 

(Clayton et al., 2006). Cells are cultured onto multi-well plates and subjected to drug 

treatment. After incubation and the introduction of fluorescence, the cells are fixed and 

imaged. The shear amount of images necessitates that subsequent imaging and 
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statistical analysis is extremely streamlined to promote high-throughput and gather 

enough data to provide sufficient evidence of drug effects (Miklos, 2004). At this stage, 

fluorescent images are segmented using basic rather than state-of-the-art techniques to 

foster speed, and then the binary masks are analyzed for the geometric properties they 

exhibit (Thomas, 2009). Yet, poor segmentation generates a high amount of undesired 

variation in subsequent shape analysis, and more sample size is required to reach a 

conclusion about the drug effect, which is counteractive to the high-throughput mission 

(Wang et al., 2008). 

The error from segmentation arises because identifying the shape of cells is very, 

very difficult to automate, even with state-of-the-art methods (Muzzey et al., 2009; 

Waters, 2009; Dzyubachyk et al., 2010). Cell behavior is highly dynamic and generates 

a large amount of heterogeneity in biological samples (Yuan et al., 2012). This 

translates to a variety of image features that segmentation methods must overcome to 

accurately detect cells (Yao et al., 1997; Waters, 2009). This has influenced many 

researchers to rely on a high amount of user interaction to gather the information they 

desire from cellular imaging (Bakal et al., 2007). Openly available software packages 

like ImageJ and CellProfiler contain a variety of scripts and plug-ins that users can 

string together and tweak to achieve reasonable segmentation (Carpenter et al., 2006; 

Collins, 2007). At the extreme, a user will click several points on the image to roughly 

describe the cell boundary before moving on to analysis (Bakal et al., 2007). The more 

sophisticated segmentation methods like graph cuts and level sets are now available, 

but they may require extensive training and instruction, can be computationally 

expensive and slow to run or have a combination of those undesirable qualities (Shi et 
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al., 2000; Ray, 2002; Cour, 2005; Chen et al., 2007). In the end, they also require users 

to guess and check algorithm parameters, which must be adjusted for each image ad 

hoc (Li et al., 2011). 

Segmentation only encompasses the first step in the full characterization of cell 

behavior by image analysis (Zhang et al., 2004). The measurement of cell parameters 

like length, area and number of protrusions is the next stage of the progression. 

However, current computer-aided diagnostics use unexpected image parameters like 

the total background intensity and the number of bright spots in cellular regions, which 

possess no straightforward physiological meaning (Yuan et al., 2012). Those quantities 

are analyzed together with other parameters to extract the presence of disease. Often 

spectral qualities of the dataset are used that are even more difficult to assign to any 

physiological characteristic in the original sample, and the final conclusion may be 

difficult to explain to patients, despite having a solid statistical foundation. 

The analysis of physiologically relevant cell features has provided the inspiration 

to the majority of this work. At the most basic level, a change in cell behavior in 

fluorescent images can be represented as a deformation of the cell boundary 

(Machacek et al., 2006). Adding pure ethanol to a dish of live cells will certainly kill them 

after some time, which can be easily visualized as cells retract into themselves and 

undergo apoptosis, a form of programmed cell death (Janes et al., 2005). Thus, one can 

describe the effect from ethanol in a progression of cell boundary deformations, 

detectable by a series of images and proper segmentation. Under that simple 

framework, the shape of cells in response to some perturbation was quantitatively 

measured and compared to normal cell behavior under controlled conditions. 
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Before getting more into the dynamic behavior of cells, it is important to mention 

that shape, in general, should disregard the scale, orientation or position within an 

image (Krim et al., 2006; Gonzalez, 2007). It is easy to imagine that car tires all have 

the same circular shape when viewed from the side, and while viewing a picture of cars 

in a line, tires will be present throughout the image but share the same shape. Using 

that same example, one can imagine a series of images slowly moving around to the 

front of the tire. Then, the shape from that front perspective seems more rectangular to 

the viewer. Thus, a progressive deformation of the tire shape from a circle to a rectangle 

will be observed, which represents how the shape changed based on the viewer 

perspective. 

With shape in mind, the response of cells to any molecular perturbation might be 

captured through image analysis, so long as the molecular change manifested 

physically (Aldridge et al., 2006; Beck, 2011). Thus, this work relates closely to the 

cytoskeletal organization, which imparts structure on the cell (Chen et al., 1997; 

Nakaseko et al., 2001). The nucleus is also several times more rigid than the cytoplasm, 

has its own nucleoskeleton as well as chromosomes and other cell bodies and can 

significantly affect cell shape (Lee et al., 2007; Rafelski et al., 2008). The following 

sections will describe some factors that could influence the cytoskeleton and nucleus 

positioning once presented to cells, which will be considered later when attempting to 

assign physiological relevance to a cell shape parameter measurement. 

GTPases 

The dynamics of cell migration comprise several types of chemical and physical 

factors (Kole et al., 2004). For instance, it is known that a massive amount of proteins is 

involved in a complicated signaling network to promote cell migration (Lee et al., 2006; 
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Machacek et al., 2009). At the downstream of those signaling, the cytoskeleton 

undergoes a dynamic re-organization process, mainly involving the Rho GTPase family 

proteins, RhoA, Rac1 and Cdc42, to facilitate cell migration (Hall, 1998; Arthur et al., 

2001; Ridley, 2001; Lee et al., 2005). For example, for mesenchymal-type cells, Rac1 

and Cdc42 work in conjunction to organize the actin cytoskeleton into lamellipodia at the 

leading edge of the cell and build dense stress fibers to anchor and stabilize the cell as 

it moves (Nobes et al., 2005). At the trailing end of the cell, RhoA coordinates 

actomyosin contractions to detach adhesions and allow the cell to progress forward (Rid 

et al., 2005).  

Recently, nuclear translocation and rotation has been studied in non-neuron cell 

types. Lee et al. (2005) indicate that the nucleus rotation in single fibroblasts is a highly 

regulated cellular event that includes Cdc42, PKCζ and PAR6. In addition, this study 

further identified that a pathway, involving Cdc42, MRCK, myosin and actin, regulates 

nuclear translocation (Khatau et al., 2009). It is possible that nuclear translocations due 

to changes in cytoskeletal regulation for different cell migration strategies might be 

distinguishable from one another using image analysis. Drugs or other treatments that 

impede actomyosin contraction can disrupt the coordinated rearward movement, 

demonstrating that these structural elements are necessary for rearward nuclear 

translocation to occur and a mechanical process must exist to properly move the 

nucleus (Rid et al., 2005). Hence, the development of new methods that can connect 

the individual protein functions but emphasize on the overall cellular behavior outcome 

of those proteins is needed to study cell behaviors such as cell migration. Since 

actomyosin contraction plays an essential role for the mesenchymal type of cell 
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migration, the nucleus might serve as a major anchorage site for a migrant cell to pull 

out its substrate adhesions via the actin cytoskeleton at the trailing edge of the cell 

(Rottner et al., 1999). From this point of view, the effect of any molecular factors on cell 

migration can be interpreted by the coupled activities between the Rho GTPases in 

single cells. This concept drives the pursuit to monitor and analyze individual 

cytoskeletal remodeling events that are independently controlled by Rho GTPases 

activity. 

MicroRNA 

Recent studies have revealed a class of short (~ 23 nucleotides in length), non-

coding RNAs, called microRNAs (miRNAs), that are deeply involved in cellular activities 

(Stefani et al., 2008; Migliore et al., 2009; Inui et al., 2010). The miRNA expression 

profile is unique among different cell types (Poy et al., 2004; Lu et al., 2005; Gottardo et 

al., 2007). Functionally, miRNAs bind to messenger RNAs using a short (~8 

nucleotides) recognition sequence to interfere with or halt protein expression. It is 

predicted that a single miRNA can regulate a subset of more than 100 different proteins 

and currently more than 550 different miRNAs have been identified in the human body 

(Lim et al., 2005). The expression profiles of miRNAs have been used to successfully 

classify cancers and trace the tissue of origin for metastatic cancers of an unknown 

primary origin (Rosenfeld et al., 2008). It is known currently that two different 

microRNAs, miR-10b and miR-221 can change the cell migration speed based on 

wound-healing assays (Baranwal et al., 2010). Yet, it is also extremely difficult to 

incorporate the new regulation mechanism of miRNAs into traditional signaling 

pathways because proteins within the subset of a given miRNA are not limited to 

specific pathways, but can broadly affect several molecular pathways, and propagate 
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signals to alter the expression of other miRNAs (Filipowicz et al., 2008; Krichevsky et 

al., 2009). 

It has been demonstrated that miRNAs are deeply involved in all the biological 

processes through molecular signaling pathways, including proliferation, differentiation, 

migration, apoptosis, metabolisms and immune response as well as in various diseases 

states, such as cancer, neurological disorders, muscular dystrophies, viral infection and 

diabetes (Volinia et al., 2006). For example, the activation of the transcription factor 

encoded by the p53 tumor suppressor gene by cell stress can directly elevate the 

expression level of miR-34a, which can trigger a major cell event, including G1 phase 

cell cycle arrest, cell senescence or apoptosis (He et al., 2005; Hermeking, 2007). In 

addition, miR-21 is known to possess feedback regulatory mechanisms and aberrant 

miR-21 expression is linked to cancer cell invasiveness and metastasis through several 

signaling pathways in different organs and tissues (Meng et al., 2007; Krichevsky et al., 

2009). A recent study in dilated cardiomyopathy has further shown that most nodal 

proteins of the predicted targets for miRNAs of which the expression level are altered in 

human heart failure samples are confirmed to be the key regulators of cardiovascular 

signaling pathways (Eisenberg et al., 2007; Prasad et al., 2009).  

A wealth of new therapeutic targets for colorectal cancer (CRC) pathogenesis 

was generated by the concept of a gene landscape presented by Vogelstein’s model 

(Vogelstein et al., 2013), but due to the novel activity of miRNAs, their genes can also 

play a role similar to tumor suppressors or oncogenes. Since miRNAs can induce a 

significant bifurcation of multiple signaling networks and their activities have been linked 

to almost all the cellular events, it is highly expected that miRNAs play a role as master 
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regulators in that they could be the switches triggering physiological and pathological 

events. However, we currently lack the capacity to directly and precisely describe the 

activity of individual miRNAs on cells to understand to what extent miRNA regulation 

manifests as cell phenotype changes (Croce, 2009). Presently, methods to modulate 

miRNAs are commercially available and our ability to accurately monitor the physical 

parameters of single cells within complex microenvironments is continuously being 

advanced (Gillette et al., 2008; Domachuk et al., 2010). Backed by these developments, 

quantitative biophysical measurements of miRNA-mediated changes in cell behavior for 

a given miRNA and cell type could reveal detailed information about the role of miRNA 

as a regulator of cell migration behavior.   

Epithelial-to-Mesenchymal Transition 

One widely-accepted model of cancer development tells a story of a progressive 

accumulation of mutations that slowly influence the transition of healthy cells into benign 

tumors and finally into highly aggressive, invasive tumor cells (Gupta et al., 2006; Yang 

et al., 2008). On a case-by-case basis, a patient’s genotype can translate into distinct 

tumor phenotypes that develop over different timelines and present different drug 

resistances. Yet, there are some overarching features of cancer that are of critical 

importance. Nearly 90% of metastatic tumors have epithelial origin, and upon the onset 

of metastasis, 5-year survival of patients drastically decreases (Siegel et al., 2013). A 

process called epithelial-to-mesenchymal transition (EMT), which typically describes 

signaling and morphology changes associated with tissue development and wound 

healing, has been identified as a likely mechanism for epithelial-derived tumors to 

become invasive and acquire increased plasticity and drug resistances (Wolf et al., 

2003). Oncogenic EMT, then, demonstrates cooperation between progressive gene 
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regulation changes and tumor phenotype evolution that directly results in the 

development of dangerous, aggressive cancers (Hordijk et al., 1997; Onder et al., 

2008). However, consistent with the gradual nature of cancer development, phenotypic 

changes that coincide with progressive mutations might be too subtle to detect by 

subjective visual inspection, or the true invasive potential of tumor cells could be 

hindered by proximity to the colony that was detected and targeted by the biopsy 

procedure. Therefore, it is a great challenge to characterize EMT. 

In general, EMT is stimulated by growth factors, such as TGF-β, BMP, Notch and 

Wnt, presenting in the neighboring microenvironment of the cells (Nieto et al., 2002; 

Nawshad et al., 2005). These growth factors activate transcription factors, including 

Snail, Slug, Twist and ZEB1, which play critical roles during proliferation, migration and 

apoptosis (Hajra et al., 2002; Eastham et al., 2007). However, oncogenic EMT has been 

designated as its own category of EMT apart from developmental or wound healing-

related EMT due to some key signaling differences and morphological signatures. 

Notably, the reduction of surface E-cadherin has been found almost universally among 

invasive tumors (Conacci-Sorel et al. 2003; Kim et al., 2005). It is widely known that the 

TGF-β signaling plays a major role in the process of EMT to suppress epithelial function 

while promoting mesenchymal activities. The introduction of TGF-β to cultured epithelial 

cells has been shown to induce EMT in vitro for many different epithelial cell types 

(Walsh et al., 2011). Using near confluent cell cultures, various markers of EMT may be 

detected after several hours or days upon introduction of TGF-β. In that setup, cells 

escaping a cluster of neighbors must begin by reducing cell-cell contacts mediated by 

E-cadherin. In the physical sense, reduction of surface E-cadherin activity translates to 
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fewer cell-cell connections, and it serves as an initial step before subsequent 

morphological changes. However, little is understood about lone cells experiencing the 

process of EMT. While drastic cytoskeletal reorganization must occur to facilitate a shift 

in cell polarity, the transforming cells also evolve to adopt different adhesion strategies 

to interact with the extracellular matrix (ECM) as cells become more migratory 

(Watanabe et al., 2009). This transition process is contributed by major cytoskeletal 

remodeling. Yet, the connection between EMT-involved molecules and the Rho 

GTPases (mainly RhoA, Rac1 and Cdc42) have merely been suggested through 

signaling crosstalk by the PTEN/Akt pathway (Wu et al., 2003).  

In terms of phenotype, aggressive cells have shown the ability to adopt several 

migration strategies and even the capability to shift to a new strategy in the presence of 

some type of roadblock (Friedl, 2003). Hence, single cell-based assays have a greater 

potential to help explain the relationship between gene alterations and subsequent 

phenotype qualities. Biophysical cell parameters that fully characterize migration and 

morphology are not currently implemented in the diagnostic process; yet the most 

deadly aspect of cancer is physical in nature. Merging phenotypic and molecular 

information to explain invasiveness will open new avenues of diagnosis, and a standard 

guideline for pathology can be built while computer-aided pathology can be directly 

promoted since it is quantitative and could be easily automated. 

Multidisciplinary Perspective 

Presented with a massive amount of genomic and proteomic information, the 

boundaries between traditional medicine and computer science are being shattered 

(Yuan, 2012). Complex learning algorithms are being applied to sort through very large 

data sets to understand the underlying signaling networks of cells. A shift to support so-
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called translational medicine has emerged in recent years in hopes to merge 

fundamental research ideas with patient care through medical physics, engineering and 

up-to-date software and communications. Even the digitization of old paper records 

containing patient data represents a combination of effort between physicians and 

computer scientists. Each of these examples demonstrates a paradigm shift toward 

multidisciplinary research, which is broadly defined as a dual effort between two 

previously disparate scientific fields. 

In terms of traditional biology, imaging has played a major role for many years, 

but in order to update image processing for fundamental research and eventually 

medical applications, a multidisciplinary approach is warranted. Such efforts have 

difficulty obtaining scientific exposure because they fall between the cracks of major 

peer-reviewed journals that focus on a single subject, but this is a problem that has 

largely been recognized and new funding mechanism are being created to support 

multidisciplinary goals.  

This work represents a multidisciplinary approach to answering very important 

questions about cell shape. Fundamental biology is necessary to prepare samples, 

microscopy is necessary to properly image specimens, image processing is required to 

extract accurate information from obtained images and mathematics is essential to fully 

utilize the quantitative parameters within data sets. Due to this range of disciplines, the 

previous topics in the introduction represent only part of a full story. The remainder of 

the introduction shifts the focus from cell biology into engineering to provide the basic 

information on digital images required to interconnect the multidisciplinary theme of this 

work. 
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Background on Digital Images 

Digital Images come in several different formats. Depending on how the image 

was acquired, compressed, converted, stored or read, the information in the image may 

be represented in many different ways. This chapter describes some basic knowledge 

about digital image formats, explains some common traits of digital images, and image 

acquisition.  

Digital Image Format 

The format of a digital image determines how numerical intensity information at 

each pixel is stored in bits. Modern cameras might capture 16-bit images, meaning a 

pixel value is stored using 16 bits and can take on a range of values spanning 2^16 

from 0 to 65535 arbitrary units, or au. Similarly, an 8-bit image will have pixel values 

ranging from 0 to 255 au. Those pixel values reflect the amount of light detected by the 

camera during an exposure. This information is often contained in separate channels for 

color images, but grayscale images can also be in a multi-channel format if each 

channel contains the same information. Some image processing packages 

automatically handle importing different image formats for the user, which might be 

confusing when first learning how to handle digital images and could lead to early 

roadblocks in image analysis and visualization. Since the majority of the work described 

in this dissertation was performed through console commands and custom scripts in 

MATLAB (The Mathworks), that will be the perspective of the remaining discussion 

about working with digital images of various formats. 

The default function to read an image in MATLAB is imread. This function is 

overloaded to be able to accept many types of image formats as an argument, and 

automatically chooses the class of variable to output the image information into the 
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workspace. Figure 1-1 shows the syntax to load three images using imread and check 

their class using the whos command. One .jpg and two .tif images are loaded as the 

variables a, b and c, resulting in two three-dimensional unsigned 8-bit integer matrices, 

and a two dimensional 16-bit integer matrix. The first two dimensions reveal the size of 

the image and the third indicates the number of color channels. The fourth channel in 

the variable b contains the alpha information associated with image transparency. As 

demonstrated by the differences between the two loaded .tif images, the format of an 

image does not necessarily tell everything about how intensity information is stored, but 

the class of variable can. Single channel, unsigned 16-bit TIFF images were the 

preferred format to capture both light images and fluorescence signals during the 

majority of this work. 

Background Subtraction 

Taking a picture in the absence of a specimen results in a blank image. Major 

sources of error for image analysis are debris in the field of view or uneven illumination. 

Ideally, debris will remain stationary and uneven lighting remains consistent for a series 

of images so that a blank image will capture the intensity information of those features. 

Then, after the specimen is placed in the field of view and pictures are taken, the pixel 

intensity values in the blank image can be subtracted from those in the experimental 

images.  

Thus, the visual influence of debris and uneven lighting can be effectively 

removed by subtracting a blank image. Generally, this procedure is called background 

subtraction because the features within the field of view, which are not of interest, can 

be considered as part of the background. After background subtraction, objects of 

interest are more easily identified.  
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Background subtraction can cause some pixels to attain negative values during 

the calculations, and since the format of the image is an unsigned 16-bit integer, the 

computer will round all negative values to 0 au. Similarly, it would round all values 

exceeding 65535 to 65535 au. Later on, performing multiplication and division on the 

pixel values results in decimals and fractions to be rounded down to the nearest integer 

value. To avoid these issues, it is recommended to convert the pixel values from uint16 

to double precision immediately after loading. 

Blank images are sometimes difficult to acquire due to experimental constraints, 

but if a time series of images are taken and the object of interest is dynamic enough, a 

blank image can be constructed in a piecewise manner from different frames. Figure 1-2 

illustrates this process using the left and right portions of two frames in a time series 

(top) to create a blank image (bottom left), which is subtracted from other frames in the 

time series (bottom right). Small differences in the total intensity of each frame might be 

noticeable in the improvised blank image, but this effect can be overcome by finding the 

absolute mean difference of pixel values from each side of the blank; then subtracting 

that value accordingly from the pixels on the brighter side. This would work just as well 

for a cropped patch of an image if dividing frames by an entire side to create a blank is 

not feasible. 

The histograms of pixel intensities for a raw frame, the improvised blank and the 

final background-subtracted images are featured in Figures 1-3 to 1-5. The signal from 

the background comprises the majority of the variation in the raw frame, but once it is 

removed via background subtraction, the resulting histogram features a Gaussian-

shaped profile and some low intensity pixels that correspond to the object of interest, 
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which are easily distinguishable by visual inspection. The presence of the Gaussian 

profile will be discussed in the next section of this chapter. 

Noise 

Fluorescence imaging is often chosen over conventional light microscopy for its 

ability to specifically label certain features of a specimen. Since only the labeled 

structures of the specimen emit a fluorescence signal, the chance of debris or uneven 

illumination is greatly diminished in the resulting image. However, for both light and 

fluorescence images, a phenomenon called pixel noise exists as another source of error 

for image analysis. Pixel noise is an effect of random fluctuations in the value of pixels 

around their true value.  

In the total absence of light, a CCD camera would still capture some signals from 

each pixel due to thermal fluctuations of the molecules in the camera that get 

mistakenly interpreted as incoming photons. Quantum effects of incoming photons can 

also introduce a bit of variation to pixel values. Variation in pixel values can also be 

introduced by electrical interference from nearby devices or from certain signal 

amplification techniques such as EM-Gain, which intentionally apply an electric field to 

the incoming camera signal. Analogue-to-digital conversion must also approximate 

certain values of the incoming current to represent the signal in a digital format. The 

culmination of these factors ultimately manifest as small variations from an average 

pixel intensity value in an ideal blank image, free of debris and uneven illumination.  

The background-subtracted image of figure 1-2 generated an intensity histogram 

with a Gaussian-shaped profile (see Figure 1-5) that corresponds to the pixel noise 

surrounding the object in the image. Figure 1-6 features a typical image of a cell 

expressing a fluorescent protein in its cytoplasm taken with a wide-field fluorescence 
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microscope. The right panel shows a cropped portion of the full image to better view the 

pixel noise present. The general sandpaper-like appearance of pixel noise in images is 

due to the random variation from one pixel to the next. Some camera systems add an 

offset value to incoming digital images to account for random intensities that would 

attain negative values. This extra procedure prevents those pixels from getting 

truncated to 0 au by the machine.  

Regardless of the source, pixel noise is often modeled as additive Gaussian 

noise to the image signal. In other words, if you created a histogram of pure pixel noise, 

it would resemble a Gaussian distribution of pixel intensities, where the mean could be 

considered the average background intensity and the variance would fully describe the 

level of noise in the image. Figure 1-7 shows a histogram of pixel noise intensity values 

fit by a Gaussian distribution using the mean and standard deviation of the pixel noise 

sample. The R2 value of 0.9498 means that nearly 95% of the deviation from the 

Gaussian model is explained by the variance of the sample, rather than poor fitting. 

Further support that the noise is normally distributed is seen in Figure 1-8 by the 

linearity of the QQ plot, which compares the quartiles of the pixel noise sample to that of 

a standard normal distribution. This statistical quality of pixel noise is exploited in 

several different image processing techniques. For now, it is only important to accept 

that pixel noise will occur independently of the incoming light signal. 

Point Spread Function 

Even without the presence of pixel noise, the light that reaches the camera in a 

typical microscope system does not represent the true signal from the specimen. The 

path from the light source to the camera detector will contain a series of mirrors and 

lenses as well as the specimen, and the medium that light must travel though such as 
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air or oil. Because of small imperfections and the wave nature of light, this path through 

any microscope system will alter signals in a consistent manner that can be described 

by the point spread function, or PSF. For a point light source, the PSF determines how 

the light from the true source will get diffracted and spread out within the eventual focal 

plane of the detector. Imagine throwing a rock into a pool of water and observing the 

amplitude of the surface of the water as ripples reach the edge. The water will distribute 

the energy of the initial splash across the pool’s edge just as the microscope system will 

distribute the energy of photons within a focal plane. (Zhang et al., 2007) 

Modern objectives and filters are often considered to be diffraction-limited due to 

their high level of precision. Diffraction limited systems only have to worry about the 

wave nature of light when determining the PSF. In this instance, light in the focal plane 

of microscope systems with circular apertures will form an Airy pattern, which resembles 

a single bright spot surrounded by progressively dimmer rings of intensity. Figure 1-9 

shows the Airy pattern below 2.5% of its maximum intensity to help display the rings. 

This pattern also extends in the z-direction, normal to the focal plane, but the distance 

from the center of the bright spot to the first dark ring is increased from 0.61*λ/NA to 

2*n*λ/NA2, where λ is the wavelength of light, NA is the numerical aperture of the 

objective and n is the index of refraction of the medium through which the light travels.  

Digital Image Resolution 

The minimum distance that two parallel lines are still completely distinguishable 

can quantify the resolution of an image. The action of the PSF effectively blurs fine lines 

into each other so that they appear blended and contrast is lost. Hence, very small 

objects located less than about 200nm from each other become indistinguishable when 

imaged using visible light (blue light), and larger objects in images will lose their contrast 
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at edges because the intensity signal gets blurred as it passes through the microscope 

system. Sources of light outside of the focal plane will have even less resolution in 

digital images since the PSF is broader as a function of height. This blurring effect can 

be described mathematically as a convolution of the true signal with the PSF. Figure 1-

10 demonstrates the blurring effect of convolution by an Airy pattern for a simulated disk 

image.  

To make subsequent computation easier, the Airy pattern is often approximated 

by a 2-D Gaussian kernel. Figure 1-11 compares the central bright spot of the Airy 

pattern to its Gaussian approximation. In the absence of significant pixel noise in an 

image, a de-convolution process can be applied to reverse the negative affect of the 

PSF on a signal. Unfortunately, traditional de-convolution is very sensitive to additive 

pixel noise, and often final resolution is sacrificed by applying a de-noise algorithm 

beforehand. 

Spatial Frequency 

The pitfalls associated with de-convolution, de-noising and image resolution led 

to the development of image processing methods that rely on the spatial frequency in 

images. Spatial frequency reflects how often the intensity signal of a feature varies 

across several pixels. While different methods are discussed in detail in the following 

chapter, the concept of spatial frequency is important to consider as it categorizes many 

image attributes into distinct frequencies. For example, pixel noise is considered to have 

high spatial frequency since intensity values vary drastically from one pixel to the next. 

Intensity inhomogeneity (unevenly lit background) can be considered low spatial 

frequency since it gradually changes across the entire image. Furthermore, complex 

objects like cells can be composed of several features with a range of spatial 
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frequencies. Small, thin protrusions will possess a higher spatial frequency than the 

bulky cell body. Hence, for fluorescence and also light microscopy images, the 

information within is a combination of many spatial frequencies, and this offers a unique 

perspective to tackle issues with noise and effects of the PSF. 

Background on Image Acquisition 

After considering the microscope system’s effect on a digital image, it is 

important to discuss the many options a technician has available that will determine how 

images turn out.  

Objectives and Magnification 

The numerical aperture was briefly mentioned in regard to resolution and the 

PSF, but not explained in detail. Numerical aperture is measured as the half-angle of a 

cone of light hitting the objective coming from the sample multiplied by the index of 

refraction of the medium between the two. Since a high NA results in a narrower PSF, it 

is preferable to maximize it by having the objective as close to the sample as possible. 

For very high magnification lenses, special oil is placed between sample and the 

objective to increase the index of refraction from that of air and enhance the NA. Taking 

these steps helps maximize the resolution of images so that the camera can capture 

very fine details in a specimen. 

In biological applications, the scale of cells must be considered. The highest 

magnification of the microscope system might not be preferable if too much of the cell 

structure is cut out of the field of view, or if only one cell is observable in each frame. 

Migrating cells will sometimes move out of the field of view under higher magnification 

as well. This introduces a trade-off between optimal resolution and observation 

capability. At lower magnifications, very fine cellular structures such as filopodia might 
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become unresolved, but the bulk dynamics of the entire cell can be captured. Lower 

magnification also allows images to capture many cells at once, providing greater 

sample size for measurement and statistics. 

Fluorophores 

Many types of fluorescent probes and labels have been developed since the 

initial discovery of green fluorescence protein. These molecules absorb light at a certain 

wavelength and then emit a different wavelength of light. The photoefficiency of the 

molecule determines how well it converts energy from absorbed light into emitted light, 

and is a factor in deciding on the intensity of the light source. A better photoefficiency 

will emit more photons and generate brighter images for the same light source intensity. 

This is preferable since UV light at 100% intensity can damage living cells and cause 

photobleaching damage to fluorescent probes.  

To avoid damage to cells, light is filtered to 12-25% of its full intensity, but 

photobleaching always occurs, meaning that the fluorophore no longer emits light from 

the sample. Less intense light only slows the rate of photodecay so that for very long 

experiments the apparent brightness of the specimen will diminish exponentially over 

time to eventually become undetectable. Commercial beads typically have a very slow 

rate of photobleaching, but other molecules like GFP perform less well. As the sample 

gets progressively dimmer from photobleaching, the level of noise typically stays 

consistent so that the signal-to-noise ratio steadily decreases. A low SNR makes object 

recognition very difficult or impossible.  

One hazard from photobleaching is present even before the experiment 

commences, when technicians must select positions within a sample and focus the 

camera. Leaving the UV light on during this period of time will decrease the maximal 
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signal from fluorophores due to photobleaching. This is seen in Figure 1-12: the initial 

frame (left) was selected for observation, but photobleaching during sample preparation 

results in dimmer captured images (right). In practice, it is helpful to use signal 

amplification features like EM-gain and maximal binning to quickly scan through 

samples with the UV light source off. At a new position, a snapshot can be taken to 

judge whether enough objects of interest are in the field of view, and if so, the light 

source can be switched on to perform focusing as quickly as possible. After focusing is 

complete, the light source can be switched off again before seeking a new position and 

repeating the process until enough experimental points are set. 

The emitted light of a fluorophore also determines the maximum resolution of the 

final image with blue light providing much better detail than red light, but many dyes and 

reagents might be reactive or cytotoxic and technicians are often forced to rely on stable 

or otherwise reliable products. It is also the case that certain labs have only a few 

available choices in the matter or have acquired specific cell lines as gifts, which stably 

express one type of fluorescent protein. In the end, this results in slightly different 

images of the same subject, and becomes a consideration when compiling a database 

of images or cross-comparing data from different sources. It is important to remember 

that a filament imaged with red fluorescence cannot demonstrate the same resolution 

as the same filament imaged with blue fluorescence, and a lack of fine structures in the 

former does not mean they were not present, but rather they were unresolvable. 

Similarly, the intensity of a fluorescence signal usually does not represent the 

concentration of either the fluorophore or the target they label unless that relationship 

has been painstakingly calibrated. (Sluder et al., 2007) 
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Temporal Resolution 

Time has been mentioned in passing to describe photobleaching effects, but 

fundamentally all experiments must consider to increments of time. The first and most 

obvious is the total observation time. Tracking a living cell, for instance, can be 

achieved by taking a picture every minute or so for a period of time, say, one hour. The 

other important factor to consider is the exposure time of each image.  

After every exposure, the computer takes a small amount of time to store each 

image, which can be improved by limiting the region of interest to a smaller number of 

pixels or using a binning feature, which clumps neighboring pixels together treating their 

total number of captured photons as one output quantity. Furthermore, if the user has 

specified multiple filters or several positions at each time point, additional time will be 

necessary to switch filters and shift the stage. Some microscope software helps 

optimize the order of stage positions to reduce the commute, but it is more likely that 

switching filters will take more time to complete. All of these factors must be considered 

within he span of each experimental time point so that one cycle of photographs does 

not run over time. 

A larger exposure time will result in a brighter image because more photons 

could be gathered during image acquisition. Binning also increases apparent 

brightness, but at the cost of spatial resolution. Thus, if the span between time points is 

not a concern, the best choice for bright, clear images is to use longer exposure times. 

However, some dynamic behaviors require the rapid observation of the specimen and 

low exposure time combined with a small region of interest and binning can help to 

achieve a desirable temporal resolution close to real-time, or about 33ms between 

images. Thus, another trade-off arises between temporal and spatial resolution. Very 
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rapid image acquisition requires the sacrifice of spatial resolution from using features 

like binning and EM-gain to increase the incoming signal of the specimen. 
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Figure 1-1. A screenshot demonstrates how to load three types of images into MATLAB 
and how the imread function automatically chooses the variable class. 
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Figure 1-2. An improvised blank image may be constructed by piecing together the two 
opposite sides of different frames of a time series to achieve background 
subtraction. 
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Figure 1-3. An intensity histogram for an image with significant intensity inhomogeneity 
(uneven lighting) and some debris in the background as well as a single 
object of interest. 

 

Figure 1-4. An intensity histogram for a blank image, comprised of intensity 
inhomogeneity and debris. 
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Figure 1-5. An intensity histogram for a background-subtracted image. 

 

Figure 1-6. A portion of a fluorescence image is cropped to display pixel noise. 
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Figure 1-7. An intensity histogram of pixel noise fit with a Gaussian distribution of the 
same mean and standard deviation as the noise sample has an R2 value of 
0.9498. 

 

 

Figure 1-8. A QQ plot further demonstrates the Gaussian nature of sampled pixel noise. 
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Figure 1-9. The Airy disk is shown, cut at 2.5% of its maximum intensity to better 
visualize the outer rings. 

 
 
Figure 1-10. A simulated disk shape (left) convolved with a narrow Airy pattern (middle) 
and a broad Airy pattern (right). 
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Figure 1-11. A 2-D Gaussian curve is often used to approximate the Airy pattern, the 
theoretical PSF for diffraction-limited microscope systems with circular aperture. 

 
 

Figure 1-12. Photobleaching can quench the fluorescence signal from a sample, making 
certain cellular features difficult to extract. 
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CHAPTER 2 
NEW IMAGE PROCESSING TECHNIQUES 

Following image acquisition, a number of image processing algorithms and 

commercial programs are available to extract data from digital images. To aid in object 

detection and segmentation, methods that remove or reduce noise, de-convolve images 

or enhance the edges of objects are commonly employed. The specific choice of 

method for a given application is often ad hoc, but this chapter will demonstrate several 

of those choices. Dealing with noise is so fundamental that it will lead the discussion, 

followed by deconvolution, since many deconvolution algorithms require a de-noising 

step beforehand. Edge detection, segmentation and other object recognition algorithms 

will then be discussed, ending with a discussion of current image processing packages 

that are available to perform these techniques. Overall, user-interaction during image 

processing should be limited for many biomedical applications to reduce human error, 

and automated processing techniques are emphasized. 

Processing Noise 

Since pixel noise is mostly unavoidable, understanding how to characterize and 

remove it is a major part of image processing. The introduction briefly mentions that the 

statistical properties of noise are often exploited to remove it, and here, that concept will 

be explained in more detail. 

Image Cropping 

Figure 1-6 exemplifies one of the most basic ways to characterize noise. A user 

can select a portion of the image that contains no objects of interest and perform basic 

statistics to characterize the pixel noise. Since the mean and standard deviation of the 

pixel intensities in the cropped region correspond to a Gaussian distribution, almost 
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96% of noisy pixels should will fall below two standard deviations more than the mean 

intensity. This is often used as a basic segmentation method to distinguish objects from 

noisy backgrounds in digital images: pixels greater than the threshold are labeled as 1 

while those below the threshold are labeled with 0. 

This simplistic view of noise in digital images is very powerful at times, but can 

critically fail in the presence of uneven illumination in digital images, either from the 

background or surrounding objects. Figure 2-1 features the result of cropping two 

distinct regions in a fluorescence image and applying a noise-based threshold to 

produce two extremely different results. This example demonstrates the potential data 

variability from human involvement in image processing. Even with training and 

experience, cropping an image leaves the potential for an arbitrary choice that could 

become a major source of error. 

Robust Statistics 

Automating the process of cropping presents some significant barriers because 

the placement and number of objects will differ from image to image. In some images, 

the field of view might be too crowded with objects to crop the image and characterize 

the noise. However, during the experimental setup, the field of view is almost 

unanimously chosen to center around the object of interest. Under that heuristic, it is 

reasonable to sample the noise using the pixels in the periphery of digital images 

instead of a cropped region. 

Using the periphery of images to characterize noise is easy to automate, but still 

encounters the issue of signals at the edge of the image that do not correspond to the 

background. Figure 2-2 shows an intensity histogram of the pixels in the inset image. 

The arrow indicates the presence of cell signals, which skew the anticipated Gaussian 
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shape of the histogram to feature a short ‘tail’. The mean and standard deviation of 

these pixels are heavily skewed by the presence of brighter pixel intensities in the 

sample and lead to the segmentation result in the left panel of Figure 2-3. This can be 

overcome by calculating a threshold using more robust statistical parameters: the 

median and median average deviation (Huber, 1981). For an ideal normal distribution, 

the median will be equivalent to the sample mean, and three median average deviations 

will equal two standard deviations so that a similar threshold may be calculated and 

applied to images. The right panel of Figure 2-3 features the more preferable 

segmentation result obtained by applying robust statistics to estimate the noise in 

peripheral image pixels. 

Expectation Maximization 

Although the speed of simple calculations is an advantage in image processing, 

more sophisticated methods exist to estimate and manage noise in digital images. The 

expectation maximization algorithm is one such method, employing a guess of the 

intensity distribution of an image and iteratively converging on the best estimate of the 

parameters of that model distribution (Jiang, 1993). 

The Gaussian distribution of pixel noise suggests that the overall distribution of 

image intensities could be composed of a Gaussian and some other probability 

distribution that describes the remaining signal. In this work, a Gaussian mixture model 

was applied to estimate the noise statistics of images by expectation maximization. A 

responsibility function was defined as: 

𝛾 =  
𝜋∙𝜙𝑛𝑜𝑖𝑠𝑒

𝜋∙𝜙𝑛𝑜𝑖𝑠𝑒+(1−𝜋)∙𝜙𝑠𝑖𝑔𝑛𝑎𝑙
, 
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where ∑ 𝜋𝑖 = 1𝑖  and 𝜙𝑖 are Gaussian densities with mean 𝜇𝑖 and variance 𝜎𝑖
2. Initial 

guesses for 𝜇𝑖 were set as the minimum and maximum image intensity, and both 𝜎𝑖 

were set to the standard deviation of all intensities. Then, 𝜇𝑖 and 𝜎𝑖 were updated using 

the responsibility 𝛾 following: 

 𝜇𝑛𝑜𝑖𝑠𝑒 =  
∑ 𝛾∙𝑥

∑ 𝛾
, 

 𝜇𝑠𝑖𝑔𝑛𝑎𝑙 =  
∑(1−𝛾)∙𝑥

∑(1−𝛾)
, 

 𝜎𝑛𝑜𝑖𝑠𝑒
2 =  

∑ 𝛾∙(𝑥−𝜇𝑛𝑜𝑖𝑠𝑒)2

∑ 𝛾
, 

 𝜎𝑠𝑖𝑔𝑛𝑎𝑙
2 =  

∑(1−𝛾)∙(𝑥−𝜇𝑠𝑖𝑔𝑛𝑎𝑙)2

∑(1−𝛾)
, 

where 𝑥 is a vector of the original image intensities. Thereafter, 𝜋𝑡+1 is calculated as the 

mean of 𝛾 and compared to 𝜋𝑡 until their difference is less than 10−4. Once 

convergence is achieved, 𝜙𝑛𝑜𝑖𝑠𝑒(𝜇𝑛𝑜𝑖𝑠𝑒 , 𝜎𝑛𝑜𝑖𝑠𝑒
2 ) adequately represents the Gaussian-

distributed noise in the image, as seen in Figure 2-4. The responsibility function of the 

signal is compared to the estimated densities in Figure 2-5, showing that values near to 

1 more likely correspond to the cell signal. This is supported in Figure 2-6 using a side-

by-side comparison of the raw image and an image of each pixel responsibility. The red 

curve in Figure 2-6 was determined by thresholding the responsibility image by 0.95. 

Application of expectation maximization using a two-Gaussian mixture model can 

be very powerful, but if images have a very low SNR, the noise and signal distributions 

become difficult to statistically resolve, just like particles smaller than the optical 

resolution are difficult to spatially resolve. Figure 2-7 demonstrates the significant 

overlap of the estimated noise and signal densities after expectation maximization. 

Thresholding the responsibility delivers a completely inaccurate boundary estimate for 
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these low SNR images as shown the top row of Figure 2-8. The bottom row of Figure 2-

8 shows how very high SNR images are also difficult to threshold using pixel 

responsibilities. However, this is due to extra glare surrounding the bright cell 

fluorescence signal from the OTF, which will be revisited later in this chapter. 

The low SNR case demonstrates the necessity to not only estimate the statistics 

of pixel noise, but also diminish or remove the noise using some sort of de-noise 

process. The next few sections will introduce some common de-noising methods, but 

before that, the two-Gaussian mixture model should be revisited as an assumption. 

From Figure 2-7, it is apparent that the signal density estimate extends to intensities 

below the mean background level. A better assumption may be an exponentially 

distributed signal density or reciprocal density based on the shape of intensity 

histograms. Figure 2-9 shows the histogram of a synthetic 2-D Gaussian intensity profile 

(inset image) fit to the reciprocal function (R2 = 0.9779). If the intensity profile of the cell 

signal is modeled by a reciprocal density function, improvement of the expectation 

maximization performance may be possible. Unfortunately, the reciprocal function is 

difficult to fit into the expectation maximization framework in a straightforward manner 

due to its asymptotic tendency. 

Gaussian Blurring 

The most basic de-noising technique is to average the intensities within a small 

neighborhood of the image. In a 3x3 neighborhood, nine pixels would get averaged 

together and if only pixel noise is present, this process would be equivalent to sampling 

from the underlying noise distribution to get a sample mean nearer to the true mean 

than the original value. Figure 2-10 demonstrates this averaging process for a pure 

noise sample. 
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Mathematically, averaging pixel values over a moving window throughout an 

image can be performed via convolution following: 

𝑎 ∗ 𝑘 =  ∑ 𝑎(𝑡) ∙ 𝑘(𝑛 − 𝑡)𝑛 , 

where  ∗ is the convolution operator, 𝑎 is the current window within the image, and 𝑘 is a 

filter with 𝑛 elements, also called the kernel. When the kernel is an array of 1/𝑛, it 

corresponds to the basic averaging filter. In terms of spatial frequency (refer to Chapter 

1), averaging filters are low pass filters. The general characteristic of a low pass filter is 

that they have elements 𝑘𝑖 ≥ 0 and ∑ 𝑘𝑖 = 1. The flatness of averaging filters allows 

many bands of low spatial frequency pass to the convolution result, which makes de-

noised images appear blurry. Gaussian kernels are also low pass filters, but they tend 

to keep more of the high frequencies in the de-noise result, which corresponds to 

sharper images with greater contrast. Figure 2-11 demonstrates filtering with 3x3 and 

7x7 averaging filters versus a 7x7 Gaussian filter. The Gaussian filter results in a less 

noisy image that is also less blurry than simple averaging (similar to the 3x3 averaging 

filter result for the example). Despite the improvement over averaging, use of a 

Gaussian kernel may still cause loss in edge resolution at the boundaries of objects 

because edges are high spatial frequency content just like pixel noise. This attribute has 

driven the development of more sophisticate de-noising techniques such as wavelet de-

noising and anisotropic diffusion, both discussed shortly. 

Wavelet De-noising 

The wavelet-based approach to image processing was developed to decompose 

images in a similar manner as Fourier decomposition, but in a way that retains spatial 

correspondence to the frequency content (Daubechies, 1992). Fourier decomposition 
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uses trigonometric functions that have infinite support (i.e. they have non-zero values as 

they approach ± infinity), and can detect the presence of certain spatial frequencies in 

images, but provides no information about the location of that content.  As an 

alternative, wavelets are short functions with adjustable support (they equal zero after a 

certain distance). Instead of applying a single filter to images, the wavelet approach to 

frequency analysis applies a succession of filters, all derived from a certain wavelet 

family. Figure 2-12 demonstrates the frequency analysis of an arbitrary sinusoid using 

the wavelet approach. 

Common wavelet families include the Haar, Daubechies, Coiflet and Symlet 

wavelets. Haar wavelets are essentially step functions that step from negative to 

positive instead of zero to one, and are scaled in such a way that they can form an 

orthonormal basis for the signal. For instance, the first Haar wavelet is simply an 

averaging filter with elements, ∑(𝑘𝑖)2 = 1 (the Frobenius norm). Thus, it is a low pass 

filter, and those that remain in the family can all be considered as high pass filters. The 

dot product of these low and high pass filters will be zero. Other wavelet families are 

also scaled so that their Frobenius norm is one, organized into an orthonormal basis in 

a similar manner, but have more complex band pass properties. Figure 2-13 is a 

screenshot of the elements of the Haar and Daubechies2 wavelet family generated by 

the MATLAB function ‘wfilter’. 

The major application of wavelet decomposition is to compress and store 

images. The level of decomposition determines how compressed the intensity 

information becomes, but (and more importantly to de-noising) after one level of 

decomposition, images get segregated by their spatial frequencies. The compressed 
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image will contain the best estimate of low spatial frequencies and appears as a down 

sampled version of the original image, but there are also three high pass images after 

1st level decomposition that correspond to vertical, diagonal and horizontal filtering of 

pixels. Figure 2-14 demonstrates a single level of wavelet decomposition using the Haar 

wavelet family. Ideally, the pixel noise resides within the high pass images after one 

level of decomposition. 

A great advantage of wavelets is not that they can simply decompose images, 

but that the decomposed images can be reconstructed using the same family of 

wavelets without significant loss of information. The wavelets used for reconstruction 

are simply those used for decomposition with elements in reverse order; hence, the set 

of all filters are known as quadrature mirror filters. Figure 2-15 shows the differences 

between each pixel for an original image and a reconstructed image, called the residual. 

The residuals are on the order of 10−13, which is a negligible difference that disappears 

when converting the reconstructed image from double precision back into an unsigned 

8-bit integer.  

The key to wavelet-based de-noising lies in deconstructing images, and 

reconstructing them with eliminated (set to zero) high pass information. Unfortunately, 

some of the deconstructed high pass information corresponds to the edges of cells, and 

reconstructing images with all high pass values at zero is equivalent to performing a low 

pass filter using the first decomposition wavelet, leading to blurred object edges. 

Instead, a threshold of the high pass values can be set based on the intrinsic pixel noise 

of the image. Figure 2-16 features a histogram of a typical fluorescent image that has 

been characterized by the expectation maximization algorithm to extract the pixel noise 
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statistics. In Figure 2-17, the histogram of horizontal high pass values for the 

decomposed image is displayed, and it features two lines that indicate three standard 

deviations of the original pixel noise. Pixel noise only varies within a certain range (±3 

standard deviations), so that high pass information outside of that range more likely 

correspond to cell signals. Figure 2-18 features the result of thresholding a single level 

high pass result by the pixel noise standard deviations, supporting that the cell signal is 

responsible for larger high pass values through a comparison with the low pass 

decomposition result. Setting high pass values to zero before reconstruction results in a 

final processed image with less high frequency information than the original, which 

appears blurry similar to Gaussian blurring in regions that were de-noised (see Figure 2-

19). 

Anisotropic Diffusion 

Direct modification of high pass information in images had earlier 

implementations in an algorithm known as anisotropic diffusion (AD). Instead of a 

complex high pass filter, AD uses a simple gradient operator using the nearest neighbor 

difference in pixel values to gather an image’s high pass information. This is then 

applied to the heat diffusion equation: 

𝐼𝑡 = 𝑐 ∙ ∆𝐼, 

where image intensity is diffused instead of heat, 𝑐 is a constant and ∆ is the Laplacian 

operator. The discrete formulation of the AD algorithm is as follows: 

𝐼𝑡+1 =  𝐼𝑡 + 
𝜆

4
∙  ∑ 𝑔(‖∇𝐼‖) ∙ ∇𝐼𝑛𝑠𝑤𝑒 , 
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where 𝜆 controls the rate of ‘diffusion’ (usually set to 1 for stability), 𝑔 is a function of the 

simple gradient, ∇ is the gradient operator, and the sum is performed over the four 

nearest neighboring pixels at each position in the image. 

The anisotropic aspect of AD refers to selective diffusion that smooths intensities 

between pixels if the gradient is low, and leaves pixels with high gradients unchanged. 

This is done in an effort to preserve object edges in the image similarly to how the high 

pass information in wavelet de-noising selectively gets set to 0 (see previous section). 

Thus, the choice of 𝑔, also called an influence function, can significantly affect the final 

result of how the AD algorithm de-noises an image. In their initial report, Perona and 

Malik proposed two functions: 

𝑔 =
1

1−(
‖∇𝐼‖

𝐾
)

2,  

and 

𝑔 =  𝑒𝑥𝑝−(
‖∇𝐼‖

𝐾
)

2

, 

which correspond to a Lorenztian error norm and the Leclercrobust error norm, 

respectively. Another influence function was later proposed by Black: 

𝑔 = {
1

2
∙ (1 − (

‖∇𝐼‖

𝐾
)

2

)2 𝑖𝑓 ‖∇𝐼‖ ≤ 𝐾,

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,

 

which corresponds to Tükey’s biweight estimator. In all of these functions, 𝐾 is 

comparable to a threshold of the gradient and may be calculated by estimating the 

standard deviation (𝜎) of the pixel noise in the original image and setting 𝐾 = 3 ∙ 𝜎. The 

literature mentions setting 𝐾 as Canny’s noise estimator, which involves determining the 
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threshold that encompasses 90% of the gradient density within a histogram at each 

iteration of AD.  

In essence, the edge preserving motivation of AD is similar to keeping some high 

pass information in wavelet decomposition images before reconstruction, except that 

AD does not remove low pass information before calculating gradients. This motivated 

the development of a new de-noise method, which takes advantage of low pass 

removal before attempting to preserve edge information. This is discussed in detail in 

the next section and comparison against other de-noise methods is performed. 

Dinosort 

A new de-noising technique is being introduced in this section. It builds on some 

of the noise characterization and remove techniques previously discussed in the above 

sections, and performs well for Gaussian-distributed pixel noise common in many types 

of digital images. The procedure will be discussed in detail, then benchmarked against 

other de-noising methods to support its efficacy and efficiency. 

Beginning from the concept of Gaussian blur, dinosort begins applies a low pass 

filter to an input image. The Gaussian kernel tends to pass too much of the high spatial 

frequencies in images, so an averaging kernel was chosen to perform the low pass: 

𝑘 =
1

9
∙  [

1 1 1
1 1 1
1 1 1

]. 

Figure 2-20 demonstrates low pass filtering by a 3x3 averaging kernel. Since low pass 

filtering removes high spatial frequency content from the original image, the residual 

between the raw image and low pass result should reflect the omitted high frequency 

information: 

𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 = 𝐼 −  𝐼 ∗ 𝑘. 
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This residual is used as an estimate of the pixel noise contained in the raw image, but 

visual inspection usually indicates some of the signal from the edges of objects is also 

present, which is easily noted in the residual featured in Figure 2-21. For that reason, 

the pixels in the periphery of the residual are used to estimate the statistics of the noise, 

then another synthetic noisy image is created using the calculated variance and a zero 

mean, with pixel intensities normally distributed as 𝜙𝑛𝑜𝑖𝑠𝑒(0, 𝜎𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒
2 ). 

 The next stage of the method involves sorting the pixels values of both the 

residual and the synthetic noisy image from lowest to highest intensity. Once the 

intensity values are sorted in this manner, very low and very high intensities from the 

residual image will be further from zero than the synthetic noise because they are not 

restricted by the statistics of a normal distribution. However, middle-valued sorted pixels 

from both images correspond to normally distributed noise, and their difference in 

intensity will be very small. Figure 2-22 plots the sorted intensities of the residual and 

synthetic noise against each other, showing how similar their aligned values are. The 

mean square error of the sorted difference scales as 0.0019 ∙ 𝜎𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒
2  when the 

algorithm is fed pure Gaussian noise as input (R2 = 0.9786, see Figure 2-23). Once the 

sorted synthetic noise is subtracted from the sorted residual, each pixel is repositioned 

to its original location in the raw image. The last step to dinosort is to add the rebuilt 

sorting result to the low pass result from the first step. This produces a de-noised image 

with approximately 34% of the original noise deviation ±0.42% when the algorithm is fed 

pure Gaussian noise as input, as shown in Figure 2-24. However, for images containing 

objects, simply replacing the rebuilt sorting result with the original high pass information 

from the image attenuates high frequencies too much, so that the algorithm essentially 
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acts as a common averaging filter (data not shown). To resolve this issue, a 

multiplicative scaling of the rebuilt sorting result is performed following: 

𝑠𝑐𝑎𝑙𝑒 =
max (𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙)

max (𝑟𝑒𝑏𝑢𝑖𝑙𝑡)
, 

and the final de-noised image is reconstructed by adding the initial low pass result and 

the scaled rebuilt sorting result. Figure 2-25 compares the residual to both the unscaled 

and scaled rebuilt sorting result, showing how high pass information near the object is 

recovered from scaling while noise is significantly reduced. 

Dinosort outperforms other de-noising methods in speed and noise reduction. To 

support this claim, a synthetic noisy image was employed to measure how fast an 

iteration of dinosort would take versus anisotropic diffusion for Lorentzian, Leclerc and 

Tükey influence functions, Coiflet3 wavelet de-noising and Gaussian blurring with a 3x3 

kernel. Figure 2-26 shows the test image next to a poor segmentation result based on 

expectation maximization. From Figure 2-27, it is apparent that the two estimated 

Gaussian densities are too near in intensity to each other to gain resolution using the 

responsibility function. After speed testing, 25 iterations of each algorithm were 

performed to de-noise the noisy test image, and the standard deviation of each result 

was recorded. Figure 2-28 features a plot of each algorithm’s performance with time on 

the x-axis and noise reduction as the y-axis and each point corresponding to a single 

iteration. After one iteration of dinosort, it drastically outperforms other de-noise 

algorithms by several iterations. The only competitor is Gaussian blurring, which has 

extremely low computational complexity and runs much faster so that it performs 

similarly after three iterations in under the amount of time as one dinosort iteration. 

However, after several application of the Gaussian kernel, low pass frequencies 



 

61 

become enhanced more than dinosort, which conserves high spatial frequencies of the 

object. After only two iterations, dinosort delivers good de-noise performance in less 

time, with better retention of object high frequencies, as seen in Figure 2-29 and Figure 

2-30.  

Low Spatial Frequencies 

Objects in images appear to have solidity due to regions of consistent or 

gradually changing pixel-to-pixel intensity values. These image features are considered 

to be low spatial frequency information and can also include blurriness from out-of-focus 

objects and diffracted light due to the influence of the PSF. Figure 2-31 demonstrates 

how the presence of low spatial frequencies that distort object segmentation cannot be 

addressed by further de-noising, and may even be amplified by de-noising techniques. 

This section describes several deconvolution techniques, which originated to remove 

the influence of the PSF in measured signals, but is applicable to removal of many 

blurry types of features within images, characterized by low spatial frequency. Based on 

the poor performance of existing techniques for images of cell fluorescence, a new 

technique to reduce the influence of low spatial frequency sources of error is introduced. 

Jansson Van-Cittert Deconvolution 

One of the earlier efforts to remove bias introduced in signals due to a transfer 

function was described in 1970 by Jansson in the effort to enhance the resolution of 

spectra. The transfer function in that work was the instrument impulse-response 

function, which acts similarly to the PSF to modify a measured signal via convolution, 

although the physical mechanism may be different to an optical system in a microscope. 

The attempt to reverse the convolution operation marked one of the first iterative 

deconvolution techniques. 
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The algorithm originated from the concept that some unknown, true image gets 

convolved by a transfer function to become the obtained digital image. In terms of 

spatial frequency, the JVC algorithm assumes the transfer function is a low pass filter, 

then attempts to recreate the lost high spatial frequencies of an ideal, true image. The 

recreated high spatial frequency information is generated using a high boost method, in 

which an image is subjected to a low pass filter, and the result is subtracted from the 

same image. By subtracting the low frequencies, high frequencies will remain. The 

dinosort algorithm described in the previous section relies on the high boost principle to 

obtain the residual before the sorting step. In the case of JVC, they add the high boost 

result back together with a different low pass result to get the next approximation of a 

true image as follows: 

𝐼𝐻𝐵
𝑘 = 𝐼𝑘 −  𝐼𝑘 ∗ 𝑃𝑆𝐹, 

and then, 

𝐼𝑘+1 = 𝐼𝐿𝑃
𝑘  +  𝐺 ∙ 𝐼𝐻𝐵

𝑘 , 

where the superscript 𝑘 denotes the current iteration step, 𝑃𝑆𝐹 is the 2-D Gaussian 

approximation of the PSF, and the subscripts 𝐻𝐵 and 𝐿𝑃 represent the high boost and 

low pass result on the image 𝐼𝑘. The function 𝐺 is a relaxation parameter that ensures 

that the high boost result does not exceed certain constraints. For instance, pixel values 

should not take on negative values or exceed the bit depth of the input image. 

Originally, a 25-point Savitzky–Golay cubic polynomial kernel was applied to 

smooth data. In this work, a 5-point Savitzky–Golay cubic polynomial kernel ([-3 12 17 

12 -3]/35) was used to better represent the raw images: 

𝑆𝐺 =  
[−3 12 17 12 − 3]

35
, 
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and, 

𝐼𝐿𝑃
𝑘 = 𝐼𝑘 ∗ (𝑆𝐺 ∙ 𝑆𝐺𝑇), 

where 𝑆𝐺𝑇 indicates the transpose. This process helps to ensure that noise does not 

explode in value after a few iterations, but the JVC algorithm still manages to amplify 

regions of the image that do not correspond to the object as shown in Figure 2-32. 

Built-in MATLAB Deconvolution Methods 

Building from the classical concept that images are the result of a convolution of 

a true image by some PSF, methods began to take into account the possibility of 

additive noise in raw images. Without derailing into the independent topic of 

deconvolution, this section will briefly introduce four built-in MATLAB deconvolution 

methods. It is noteworthy that the major developments for deconvolution emerged in the 

field of astronomy rather than to microscopy. This is relevant in the sense that light from 

stars might have much less diffraction in the total vacuum of space than a fluorescent 

signal might have when passing through various transparent cellular components such 

as unlabeled structural proteins, small subcellular compartments and the cell 

membrane, and an approximation of the PSF for a microscopy system based on 

calibration cannot take the case-by-case variation of cell physiology into account. 

The Wiener filter makes very basic assumptions about a raw digital image and 

finds the optimal solution to deconvolve an image in the sense of least squares. It 

projects the Tikhonov-Miller solution to the least squares problem into Fourier space: 

𝐼𝑊 =  
�̂�𝑇

|�̂�|
2

+ 𝐾
∙ 𝐼, 

where �̂� is an approximation of the PSF and 𝐾 is a noise to signal ratio, usually set 

between 0.001 and 0.1, depending on the image. This can be performed using the 
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deconvwnr function in MATLAB, and a result is shown in Figure 2-33. This formulation 

does not take into account any a priori knowledge of the solution and can deliver 

negative pixel values, which lead to the development of regularized deconvolution, in 

which noise is modeled as a Gaussian distribution and negative values are actively 

avoided. The deconvreg function in MATLAB can perform deconvolution using 

regularized functions; Figure 2-34 shows a result. 

The Lucy-Richardson algorithm emerged later on to handle images with Poisson-

distributed noise, finding the maximum-likelihood solution rather than a optimized least-

squares result. An example of this method is shown in Figure 2-35, and it can be 

implemented in MATLAB using the deconvlucy function, but, just like the other three 

deconvolution methods mentioned in this section and the JVC algorithm, an 

approximation of the PSF is required to find a result. Bad estimates of the PSF can 

drastically change deconvolution results. In response to this issue, so-called blind 

deconvolution evolved to return a max-likelihood estimate based on very limited initial 

knowledge of the PSF. The deconvblind function in MATLAB only requires a PSF 

argument that approximates the size of the kernel, and returns a PSF estimate along 

with the deconvolution result, both shown in Figure 2-36. 

Automated Spatial Filtering 

This work introduces a method to remove bias from low spatial frequency 

information in fluorescent images that could otherwise prohibit the accurate detection of 

cell boundaries (Arce, 2013). It uses heuristic information extracted from raw images to 

set its parameters, avoiding user input and making it amenable to automation. Thus, it 

will be referred to as automated spatial filtering, or ASF. The concept behind ASF 

emerged independently of existing deconvolution algorithms, but shares the classical 
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principle that a raw image is the result of some true image that has been convolved by 

some PSF with low pass qualities. It differs in that it applies a rescaling step rather than 

iteration to remove low spatial frequencies. This section will introduce and compare ASF 

results to existing deconvolution schemes. 

Some initial parameters are necessary to run ASF on a raw image, but they are 

easily extracted from the images themselves using techniques discussed in the noise 

section from earlier in this chapter. An estimate of the pixel noise can be calculated 

either through robust statistics on periphery pixels or expectation maximization. In 

practice, both of these methods deliver very similar results in most cases, but special 

care must be taken when image frames contain many cells to ensure that the noise is 

adequately represented by the calculation. A simple intensity threshold is applied using 

the noise statistics to determine the number of pixels that correspond to the area of 

cells. This value will be skewed by the low spatial frequency information, or rather, the 

glare from brighter regions of the cell fluorescence signal onto the nearby background. 

This is desirable because it makes segmented cell signals appear more rounded. The 

next preliminary step to ASF calculates the radius of a circle whose area is equal to the 

approximate cell area. Figure 2-37 shows a representative circle, overlaid onto a rough 

segmentation result. Twice this radius value will be used as the kernel size to construct 

a low pass filter and perform ASF.  

This series of preliminary steps work very well for images of single cells, and can 

be altered when two or more cells are present in a frame to individually calculate a filter 

size per cell. Issues arise when many cells are touching and appear is a single object 

after initial segmentation, to which there are a few options: the average cell area may be 
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used to obtain a filter size if it is known, the largest solitary segmented object area can 

be used, a value proportional to the size of the nucleus area may be used, or more 

involved algorithms may be applied in an effort to individually identify connected cells, 

such as the watershed algorithm. Since this work primarily focused on low density 

single cells, these extra measures were often unnecessary, but this issue will be 

revisited in Chapter 4. 

After preprocessing a raw image to obtain the ASF low pass filter size, the 

algorithm is very simple. Two choices for a low pass filter were investigated: a 2-D 

Gaussian filter, and a wedding cake-shaped filter, which is composed from a stack of 

three circular disks that also follows the profile of a 2-D Gaussian curve. For either 

choice, the standard deviation used to create the filter shape was set as 1 6⁄  the filter 

size and the peak of the profile was centered. The wedding cake was an early attempt 

to represent the lower portion of an Airy disk, and was abandoned in favor of the 2-D 

Gaussian filter due to similar performance and simpler calculation. Both filters are 

shown in Figure 2-38, next to the lower portion of an Airy disk, each of size 31 x 31. The 

raw image is convolved by the low pass filter, and then, similarly to the high boost step 

of the JVC algorithm, the residual between the low pass result and raw image is 

obtained as follows: 

𝐼𝐿𝑃 = 𝐼 ∗ 𝑘, 

and, 

𝐼𝐻𝐵 = 𝐼 − 𝐼𝐿𝑃, 

where k is the designed low pass filter. The low pass and high boost results are shown 

in Figure 2-39. 



 

67 

The key step to ASF is to search through the high boost result and find the index 

of the pixel corresponding to the most negative value: 

(𝑖, 𝑗) =  𝑓𝑖𝑛𝑑(𝑎𝑟𝑔𝑚𝑖𝑛(𝐼𝐻𝐵)), 

where the psuedocode 𝑓𝑖𝑛𝑑 indicates the extraction of the pixel index at the most 

negative value of 𝐼𝐻𝐵. A rescaling parameter is calculated using the ratio of raw image 

and low pass image intensity values above the average background intensity: 

𝛼𝑟𝑒𝑠𝑐𝑎𝑙𝑒 =  
𝐼(𝑖, 𝑗) − 𝑏

𝐼𝐿𝑃(𝑖, 𝑗) − 𝑏
, 

where 𝛼𝑟𝑒𝑠𝑐𝑎𝑙𝑒 represents the rescaling parameter, and 𝑏 is the average background 

intensity. The final step to ASF is a modified high boost calculation, which takes 

advantage of the rescaling parameter to augment the low pass information: 

𝐼𝐴𝑆𝐹 =  𝐼 − 𝛼𝑟𝑒𝑠𝑐𝑎𝑙𝑒 ∙ 𝐼𝐿𝑃. 

The final result of ASF can be seen in Figure 2-40, along with the result of segmentation 

for both a raw image and a de-noised image as input. 

The reasoning behind the rescaling step of ASF is that object edges in images 

are smoothed by the low pass filter just as a step function would appear as a gradual 

slope after convolution with a low pass kernel. When compared to the original curve, a 

low pass result at an edge will be greater than the original intensities in the region 

outside of the object. Thus, subtraction of the low pass result from the original image will 

contain negative values near the edges of an object. It was observed that more severe 

edges, like those of the cell signal near the region of the cell body, would generate more 

negative intensity values after the subtraction. These regions also correspond to the 

presence of higher glare, generated by the PSF or other out-of-focus portions of the 

nearby cell signal. Therefore, rescaling by 𝛼𝑟𝑒𝑠𝑐𝑎𝑙𝑒 effectively sets the pixel at the 
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location of the glare to be equal to the background intensity level, so that subsequent 

segmentation removes that pixel from the object boundary. Due to the adaptive nature 

of spatial filtering, the rescaling step also proportionally adjusts other pixels surrounding 

the cell signal so that they fall below a simple noise-based intensity threshold as well, 

but in a manner that does not mistakenly omit very dim cell signals such as those from 

cell protrusions. Figure 2-41 demonstrates the effect on background pixel intensities 

using a before and after comparison of pixel intensity histograms. 

Since ASF only manipulates low pass information, high spatial frequencies from 

noise and important cell edges are not modified and do not affect the ASF result, unlike 

classical deconvolution schemes that can diverge greatly in the presence of noise. It 

has the additional advantage of simple calculation rather than computationally 

expensive iterations and extra matrix operations. In combination with a de-noising 

technique, ASF can deliver very clear images that are simple to segment using a noise-

based intensity threshold because the pixels along the boundary of the cell signal fall 

closer to a single intensity than before processing, shown in Figure 2-42. This 

characteristic can be used to assess the effectiveness of ASF at restoring a raw image 

closer to a true image for the purposes of boundary detection. 

Detecting Objects 

Processing images to reduce noise or glare is the first step toward detecting 

objects. Segmentation has already been used in several examples in this chapter to 

identify pixels corresponding to the cell signal in digital images, but there are other 

options available. This section discusses additional options for segmentation, edge 

detection, graph cuts, level set algorithms, and reviews the strengths and weaknesses 

of some openly available image processing software packages in comparison to the 
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new image processing methods introduced in this work. The section on level sets 

introduces for the first time a new scheme to segment other types of digital images than 

fluorescence images through a fusion of the level set formulation and ASF. 

Segmentation 

One of the most widely-applied segmentation schemes in biomedical applications 

relies on Otsu’s method to determine an intensity threshold. Otsu takes advantage of 

the one dimensional quality of an intensity histogram to rapidly calculate a threshold 

level that maximizes the variance of the two groups of pixels above and below that 

threshold. Otsu’s method is especially rapid for 8 bit images, but still runs fairly quickly 

for 16 bit images. First, a histogram is created, counting the number of pixels in each 

bin from 1 to 216-1 au. A probability distribution is created by dividing the histogram 

result by the number of pixels in the image. The cumulative distribution is calculated 

along with the expected value of the low intensity group for each possible threshold 

choice. These vectors are used to calculate a variance vector, and whichever element 

corresponds to the maximum variance indicates the Otsu intensity threshold. Figure 2-

43 depicts the Otsu threshold given an image intensity histogram. The Ridler-Culvard 

method is another histogram-based threshold method, which uses a k-means approach 

to obtain a threshold, as seen in Figure 2-44.  Generally, these types of thresholding 

strategies ignore valuable spatial heuristics in images by using histograms. They can 

generate inaccurate segmentation in the presence of noise, low spatial frequencies or 

additional objects in an image. A Gaussian filter it sometimes applied to de-noise 

images before Otsu’s method, but this is ill-advised since it could blur object edges and 

degrade spatial resolution. 



 

70 

Edge Detection 

Applying a threshold is not the only way to detect objects in digital images. Some 

of the first efforts in computer vision relied on high pass filters to enhance the edges of 

objects in images (Hoggar, 2006; Gonzalez, 2007). A very simple gradient operator that 

returns the difference between neighboring pixels in an image after convolution takes 

the form: 

𝑘𝑔𝑟𝑎𝑑 =  [−1 1]. 

A diagonal gradient kernel, known as the Robert’s operator, is similar: 

𝑘𝑅𝑜𝑏𝑒𝑟𝑡 =  [
−1 0
0 1

]. 

These are analogous to the Haar wavelets which perform the high pass 

convolutions in wavelet decomposition, except that their Frobenius norm is √2. The 

Prewitt and Sobel operators are larger in size, but perform the same high pass 

functions; they are represented as: 

𝑘𝑃𝑟𝑒𝑤𝑖𝑡𝑡 =  [
−1 0 1
−1 0 1
−1 0 1

], 

and, 

 

𝑘𝑆𝑜𝑏𝑒𝑙 =  [
−1 0 1
−2 0 2
−1 0 1

]. 

 More complex edge detectors emerged, such as the Laplacian-of –a-Gaussian 

(LoG) operator, which is almost exactly what it says in its name: the negative second 

derivative of a 2-D Gaussian kernel. The LoG operator is used in the Marr-Hildreth 

algorithm to detect objects, which applies the filter then checks for zero-crossings, but 
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the method tends to generate false edges. However, these initial edge detectors fall far 

short of the performance of the Canny edge detection algorithm. It first filters images by 

a 2-D Gaussian filter, then by a first derivative Gaussian filter, and finally applies a 

maximum suppression thresholding process to obtain object edges. All of these edge 

detectors tend to generate a piecewise boundary for cell images, as shown in Figure 2-

45. Although boundary reconstruction algorithms exist, there are more sophisticated 

algorithms that have emerged in recent years to take their place. 

Graph Cuts 

In the graph cut approach, pixel intensities are used to construct a similarity 

matrix, or graph, which considers the distance of two pixels from one another as well as 

their relative values. The eigenvalues and eigenvectors of this graph, or a normalized 

version of the graph, are calculated and used to cluster the pixels in the image by their 

similarity. These steps are computationally expensive and usually implemented in lower 

level computer languages to increase speed. Even then, images must be down sampled 

to a smaller size to prevent running out of memory, which defeats the purpose of 

accurately detecting the object in the first place. Graph cuts as segmentation tools are 

included here for completeness, but they will be revisited in Chapter 3 for use in 

clustering data (Cour, 2005). 

Level Sets 

With the knowledge from early edge detection methods, the concept to guide a 

deformable curve to the edges of objects was proposed. By directing a closed curve 

within the space of an image, piecewise boundaries are avoided (Samadani, 1989). 

Then, instead of using a simple closed curve, level set functions were proposed, which 

deform a surface instead of a curve (Malladi, 1995; Li, 2011). Level sets, in terms of 
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image segmentation, are surfaces with positive and negative valued elements that 

partition the space of the image by their intersection with a plane at zero (Shi et al., 

2000; Ray, 2002; Chen et al., 2007). The shape of a level set can be anything 

continuous initially, and then an energy minimization is performed. One of the first 

energy functions was the Mumford-Shah function: 

𝐸𝑀𝑆 = ∑(𝐼𝑖 − 𝑢𝑖)2 + 𝜇 ∑|∇𝑢𝑖|
2 + 𝜈|𝐶|, 

where 𝑢 was simply a smooth function in regions separated by the curve 𝐶, with length 

|𝐶|. Minimizing this energy forced 𝑢 to be near the original image 𝐼 and also maintain its 

smoothness in segmented regions. Chan and Vese soon adapted this energy for level 

sets as: 

𝐸𝐶𝑉 = ∑(𝐼𝑖 − 𝑐1)2 ∙ 𝐻(𝜙) + ∑(𝐼𝑖 − 𝑐2)2 ∙ (1 − 𝐻(𝜙)) + 𝜈 ∑|∇𝐻(𝜙)|, 

which imposes a Heaviside function on the level set 𝜙 to partition regions in the image 

and replaces 𝑢 with constants. Then, Li introduced a blend of the two concepts by 

returning 𝑢 to the energy functional in the form of a bias field 𝑏, but keeping the 

constants 𝑐𝑖. Furthermore, the calculation was imposed in a local region of the image 

using an influence function 𝐾, similar to those used in anisotropic diffusion. The final 

form of Li’s energy functions is: 

𝐸𝐿𝑖 = ∑ 𝐾 ∙ (𝐼𝑖 − 𝑐𝑖𝑏)2 ∙ 𝐻(𝜙) + 𝜈 ∑|∇𝐻(𝜙)| + 𝜇 ∑ 𝑝(|∇𝜙|), 

where the last term indicates a potential of the form 𝑝(𝑠) = 1
2⁄ (1 − 𝑠)2. 

Li’s form of the energy was chosen to implement level set segmentation for three 

reasons. First, it minimizes energy in local regions of the image by the action of 𝐾, 

which was chosen to be a truncated Gaussian kernel. Second, it generates an estimate 
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of the bias field, which introduces low spatial frequencies to the raw image similarly to 

the low spatial frequencies extracted by the ASF algorithm previously described. Third, 

the last term in Li’s energy introduces a penalty based on the distance from the 

boundary generated by the zero level set, causing poor segmentation approximations to 

be disfavored. Ideally, the zero level set will converge to the boundary of the objects in 

an image, but convergence still depends heavily on how the initial level set was 

specified and the user controlled variables 𝜇 and 𝜈. The results of this level set 

formulation using 𝜇 = 1, 𝜈 = 0.1% ∙ max (𝐼) and either an initial level set determined by 

basic thresholding or a box, are shown in Figure 2-46. 

Level Sets and ASF 

The performance of level set segmentation against ASF is poor, but due to the 

similarities between the bias field and the low spatial frequencies removed by ASF, the 

two methods were integrated to fuse their unique abilities. The bias field was initialized 

with the removed ASF low spatial frequencies and run for a single iteration to produce 

the segmentation featured in Figure 2-47. That result was better than standard level set 

segmentation, but still less optimal than ASF. However, ASF was developed for 

fluorescent images, which feature cell signals that are always above a background. ASF 

has poor performance for other types of images, such as the CT scan of a heart shown 

in Figure 2-48. In contrast, the fusion of level sets and ASF outperforms standard level 

set segmentation of the CT scan image in a fraction of the time, also shown in Figure 2-

48. This represents a major application for ASF other than for Fluorescence images, 

and is the first time this type of augmentation of the level set approach has been 

implemented.  
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Detecting the Cytoskeleton 

This section will suggest a unique use for the ASF algorithm that enables 

detection of cytoskeletal protein fluorescent signals. Normally in ASF, a low pass image 

is scaled automatically to produce a final result; however, the introduction of a new 

factor 𝜖 can generate interesting image processing results for fluorescently labeled 

cytoskeletal elements such as microtubules or stress fibers: 

𝐼𝜖𝐴𝑆𝐹 =  𝐼 − 𝜖 ∙ 𝛼𝑟𝑒𝑠𝑐𝑎𝑙𝑒 ∙ 𝐼𝐿𝑃. 

Calculation of the segmentation as 𝜖 is increased from 0.5 to 2-3 will produce drastically 

different approximations of the fiber boundary. Adding each segmentation result 

together gives a stack of pixels that immensely clarifies the original image. This stack 

can be segmented again, and then skeletonized to obtain the coordinates of the fibers 

in the image. Figure 2-49 demonstrates the application of this method for an image of 

fluorescently labeled microtubules, graciously provided by Dr. Jun Wu. The potential to 

classify fiber shape and changes in curvature is feasible, but a method to reliably extract 

the coordinates of single fibers in images has not yet been developed. The modification 

of the ASF algorithm proposed in this section can address this need in terms of initial 

object detection, but more work is necessary to uncouple the coordinates of fibers 

generated in this manner. Alternatively, this method could significantly support co-

localization studies between cytoskeletal components and other fluorescently labeled 

proteins in live cells. Figure 2-50 demonstrates this concept for the example of the actin 

cytoskeleton and ballistically injected fluorescent beads. 

Summary 

Computational cost and the user-defined parameters have prevented the broader 

exposure of more complex segmentation schemes to the biological community, and 
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widely-available software packages such as ImageJ or CellProfiler tend to feature the 

simpler segmentation schemes which use a single threshold (Carpenter et al., 2006; 

Collins, 2007). Basic segmentation techniques may not be as accurate, but these 

software packages also come with other macros and plug-ins to help aid subsequent 

measurement and data acquisition that users may prefer. This helps to streamline data 

processing and promotes the capability for high-throughput, which is becoming a major 

consideration of cell biology to help handle the massive amounts of data necessary for 

statistical power. 

A major consideration in this work is the distinction between tracking particles 

and nuclei versus tracking cell behavior. The symmetry and regular intensity profiles of 

fluorescent beads or stained nuclei respond very well to classical object detection, and 

often, the only data extracted from such images are the centroids of the objects. 

Trajectories of the object can be constructed from the centroids in each frame of a 

tracking experiment, and then only averaged quantities like the mean squared 

displacement or overall displacement/persistence of the object are analyzed. 

The relationship between the cell and nucleus is so intimate that the nucleus 

trajectory is often substituted for the cell trajectory to describe cell migration. In the 

sense that the nucleus will always be localized within the boundary of the cell, this 

assumption has some weight, but cells are not rigid objects like nuclei or beads, for that 

matter. Cell migration is characterized by a multitude of morphologies and poses, 

determined by the dynamic activity of protrusions like lamellipodia or filopodia. Thus, it 

is a massive disservice to cells to describe their migration by their centroids alone, 

approximated by their nucleus position or otherwise. 
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However, before approaching how to comprehensively quantify cell migration, 

cell signals within images must be extracted with enough precision to overcome the 

heterogeneity of live cells. This chapter has provided the foundation to perform such 

measurements. Two new methods have been introduced that outperform existing image 

processing methods of the same class. Dinosort is a rapid, edge-preserving, de-noising 

algorithm and the ASF algorithm removes bias from glare and other low spatial 

frequency information to quickly deliver highly accurate cell boundaries. Together, these 

methods extract the best possible cell boundaries from fluorescent images in an 

automated format, which allows for greater repeatability and data sharing since user 

interaction does not introduce variation to image processing outcomes and subsequent 

measurements. 

The downside to developing dinosort and ASF in MATLAB is limited portability to 

other platforms. Some effort has been initiated to translate these algorithms to lower 

level languages like C++ or C, but a more beneficial translation might be to develop a 

plugin for ImageJ, which will be more widely available to researchers than an 

independent software. ImageJ uses the Java language, which might also open the door 

to a portable app for android devices, which are becoming more commonplace in the 

clinical environment and have evolved larger screens and better processing power in 

recent years. 



 

77 

 
 

Figure 2-1. Manual cropping of images to assess noise may yield drastically different 
segmentation results. 

 
Figure 2-2. The histogram of pixel intensities at the periphery of an image reveals 
signals from fluorescent cells that could skew estimates of noise statistics. 
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Figure 2-3. The mean and standard deviation of periphery pixels are skewed by cell 
signals at the edges of the image, but the median and median average deviation are 
more robust to outlying signals and deliver a better threshold value for segmentation. 

 

 
Figure 2-4. A histogram of image intensities is compared to the estimated noise 
distribution (red line) derived from the expectation maximization algorithm. 
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Figure 2-5. The normalized noise distribution (red) and signal distribution (blue) 
estimations derived from the expectation maximization algorithm are plotted against the 
responsibility of the signal (black). 

 
 

Figure 2-6. Pixels corresponding to the cell fluorescence signal in the raw image (left) 
will have signal responsibility near one (shown in white). The red boundary curve 
corresponds to responsibilities greater than 0.95. 
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Figure 2-7. The normalized noise distribution (red) and signal distribution (blue) 
estimations derived from the expectation maximization algorithm are plotted against the 
responsibility of the signal (black) for a low SNR image. 
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Figure 2-8. Low SNR images have less definitive responsibilities (top), while very high 
SNR images have responsibilities that are misled by error from the OTF (bottom). The 
red boundary curves correspond to responsibilities greater than 0.95. 
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Figure 2-9. An intensity histogram of a 2-D Gaussian intensity profile is fit to the 
reciprocal function with R2 = 0.9779. 

 
 

Figure 2-10. An arbitrary sample of Gaussian noise is averaged in a 3x3 neighborhood 
to de-noise the original sample (1) and produce pixel values closer to the mean intensity 
(2). 
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Figure 2-11. A noisy raw image (top left) is convolved using a 3x3 averaging kernel (top 
right), a 7x7 averaging kernel (bottom left) and a 7x7 Gaussian kernel (bottom right). 
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Figure 2-12. Wavelet analysis (top) of a sinusoid (𝑥 ∙ 𝑠𝑖𝑛2𝑥) reveals the period nature of 
the signal at shorter scales (higher frequency) that decays at longer scales (lower 
frequency) and breaks down at the pinch. 
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Figure 2-13. The elements of the Haar and Daubechies2 wavelet family are organized 
by decomposition (top rows) and reconstruction (bottom rows) wavelets, and divided 
between low pass (left) and high pass (right) filter characteristics.  
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Figure 2-14. A color photograph (topmost) is subjected to a single level of Haar wavelet 
decomposition to produce a down sampled approximation (middle left) and three high 
pass images corresponding to horizontal (middle right), vertical (bottom left) and 
diagonal (bottom right) convolutions. 
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Figure 2-15. The total residual between the original and Haar wavelet deconstructed-
then-reconstructed images is negligible. 

 
 

Figure 2-16. An intensity histogram of a fluorescence image (inset) is subjected to the 
expectation maximization algorithm to extract an estimated pixel noise density (red line). 
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Figure 2-17. The intensity histogram of a first level horizontal high pass Coif3 wavelet 
decomposition reveals significant signals outside of the natural range of pixel noise 
variation of 3 standard deviations (red lines). 

 

 
 

Figure 2-18. The black pixels (left) represent the absolute signal greater than 3 standard 
deviations of pixel noise within the first level horizontal high pass coif3 wavelet 
decomposition. When placed beside the accompanying low pass result (right), these 
pixels seem to correspond to regions of the cell fluorescence signal. 
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Figure 2-19. A typical noisy digital image of cell fluorescence (left) is compared to the 
result of coiflet3 wavelet de-noising, using 3 standard deviations as a high pass 
threshold before image reconstruction. 

 
 

Figure 2-20. A typical digital image of cell fluorescence (left) is convolved by an 
averaging filter (right). 
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Figure 2-21. The residual between a raw image and a low pass result contains the 
remaining high frequency content of the image, including object edges and pixel noise. 

 

 
 

Figure 2-22. The sorted pixel intensities of a residual between a raw image and a low 
pass result (black) are plotted against the sorted pixel intensities of a synthetic noise 
image constructed based on the residual noise statistics (red). 
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Figure 2-23. The mean squared error between pixel values of a sorted residual image 
for pure noise and a sorted synthetic noise image scales with the variance of the 
residual noise. 
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Figure 2-24. For pure noise, the standard deviation in dinosort output versus the raw 
image standard deviation consistently demonstrates a noise reduction of approximately 
34% based upon a histogram of the noise reduction fraction. 

 
 

Figure 2-25. Comparison between an original residual image (left), an unscaled rebuilt 
sorting result (middle) and a scaled rebuilt sorting result (right) demonstrates the 
significant reduction of noise along with retention of object-related high pass content. 



 

93 

 
 

Figure 2-26. A test image was created using a binary disk shape with a 25 pixel radius 
and additive Gaussian noise with a zero mean and unit variance (left). Segmenting the 
expectation maximization responsibilities by 0.5 demonstrates the interference of heavy 
noise (right) in identifying the object. 

 
 

Figure 2-27. Expectation maximization using the Gaussian mixture model does not have 
the statistical resolution to distinguish pixel intensities from the background and the 
object in a test image. 
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Figure 2-28. The noise reduction fraction versus computation time for Gaussian blurring 
with a 3x3 kernel (dots), dinosort (pentagrams), and anisotropic diffusion using 
Lorentzian (+), Leclerc (x) and Tükey (triangles) influence functions is shown for 25 
iterations. The red and blue lines correspond to the performance of dinosort after 1 and 
2 iterations, respectively. 
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Figure 2-29. The result of several de-noise algorithms after the indicated number of 
iterations on the test image were selected based on similarity in noise reduction fraction. 
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Figure 2-30. Segmenting the de-noise result of several algorithms demonstrates the 
retention of high spatial frequencies for dinosort after two iterations based upon smaller 
holes in the space of the object. 

 
 

Figure 2-31. Digital images may contain low spatial frequency sources of error that 
appears as glare locally near region of brighter cell signal and prohibits accurate 
segmentation despite de-noising. The dinosort algorithm was applied to an image of cell 
fluorescence before thresholding by expectation maximization (red curve). 
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Figure 2-32. The Jansson Van-Cittert algorithm attempts to iteratively remove low 
spatial frequencies, but may generate false boundaries after segmentation. Expectation 
maximization was used to threshold the convolution result (red curve). 

 
 

Figure 2-33. Wiener filtering attempts to find the optimal least squares solution to the 
classical imaging equation. Expectation maximization was used to threshold the 
convolution result (red curve). 
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Figure 2-34. Regularized functions developed to deconvolve images and avoid negative 
values in the result. Expectation maximization was used to threshold the convolution 
result (red curve). 

 
 

Figure 2-35. The Lucy-Richardson algorithm models noise as a Poisson distribution and 
finds the maximum likelihood solution to the classical imaging equation. Expectation 
maximization was used to threshold the convolution result (red curve). 
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Figure 2-36. Blind deconvolution finds the maximum likelihood solution to the classical 
imaging equation without the need to input a specific guess for the PSF. The inset 
image is the approximated PSF determined by blind convolution. Expectation 
maximization was used to threshold the convolution result (red curve). 

 
 

Figure 2-37. The preprocessing step of automated spatial filtering calculates a low pass 
filter size by finding the radius of a circle of equal area to a rough segmentation result. 
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Figure 2-38. Automated spatial filtering employs a low pass kernel to convolve raw 
images. A 2-D Gaussian (left) is used in practice, but the wedding cake filter (middle) 
also generated good results, possibly due to similarities with the lower 5% of an Airy 
disk (right). 

 
 

Figure 2-39. Convolution by a low pass kernel generates a blurry image (left), and 
subtraction from the raw image generates a high boost result (right). Without the scaling 
step of ASF, the high boost image results in poor segmentation, generating false edges. 
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Figure 2-40. Automated spatial filtering without de-noising (left) and with the dinosort 
algorithm applied beforehand (right) generates very accurate cell boundaries after 
segmentation by a simple threshold based upon the robust statistics of raw image 
boundary pixels. 
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Figure 2-41. Pixel intensity histograms before (top) and after (bottom) ASF processing 
show the same intensity threshold (red vertical line). Before processing, many of the 
background pixels have higher values due to low spatial frequency error and disrupt 
segmentation. In contrast, ASF removes low spatial frequencies and reverts 
background pixels to lower values (black arrow), fostering accurate segmentation. 
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Figure 2-42. The intensity of the raw image (black) along the discovered boundary after 
ASF demonstrates large variation in pixel intensity due to low spatial frequency 
information in the image. The intensity of the ASF result (red) along the same boundary 
demonstrates a relatively flat profile, which enhances the effectiveness of simple 
thresholds. 

 
 

Figure 2-43. Otsu’s method is a popular thresholding technique based on maximizing 
the variance of pixel values above and below the threshold. An intensity histogram 
demonstrates the result of Otsu’s method, with the corresponding segmentation inset. 
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Figure 2-44. An intensity histogram demonstrates the result of the Ridler-Culvard 
thresholding method, with the corresponding segmentation inset. 

 
 

Figure 2-45. Edge detection by the Sobel, Prewitt, Robert’s, Laplacian-of-a-Gaussian 
(Log) and Canny filters generate piecewise boundary results. The Marr-Hildreth 
algorithm finds the zero crossings of a LoG filter to detect objects, but generates false 
edges. 
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Figure 2-46. The level set algorithm was initialized either by a thresholding (top left) or 
drawing a box (bottom left). The middle and right columns display the result of 150 
iterations for each initialization as well as the final estimate of the bias field in the raw 
image. 

 
 

Figure 2-47. A fusion of level sets and the ASF algorithm significantly enhances the 
ability to detect cell boundaries, but does not outperform ASF alone. 
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Figure 2-48. A heart CT scan was initialized for level set segmentation using a box (top 
left) and converges on the heart chambers after roughly 7 seconds and 150 iterations 
(top right). The ASF algorithm performs poorly on CT images (bottom left), but a fusion 
of level sets and the ASF algorithm significantly enhances the ability to detect the heart 
chambers in almost a tenth of a second, after a single iteration. 
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Figure 2-49. Stacking the segmentation results after repeated application of the ASF 
algorithm on an image of the cytoskeleton (top left) using different rescaling values 
generates a sharpened image (top right), which can be segmented again and 
skeletonized (bottom) to retrieve the coordinates of fibers in the image. 
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Figure 2-50. Stacking the segmentation results after repeated application of the ASF 
algorithm on an image of the actin cytoskeleton (top) using different rescaling values 
generates a sharpened image, which can be segmented again and skeletonized 
(bottom) to retrieve the coordinates of fibers in the image. Data from other fluorescence 
channels (middle) can be combined with fiber localization to co-localize structures and 
protein activity. 
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CHAPTER 3 
QUANTIFICATION OF CELL SHAPE BY DASF IMAGE PROCESSING 

The dinosort de-noising algorithm and the ASF algorithm introduced in the 

previous chapter are hereafter referred to as DASF, which stands for dinosort-assisted 

automated spatial filtering. Segmentation results using DASF where always verified for 

accuracy by visual assessment even though it is an automated process. The enhanced 

accuracy of boundaries generated using this approach, grants the ability to make more 

resolved measurements of cell morphology with more power to quantitatively classify 

cell behavior than previously existed.  

This chapter will discuss cell displacement, and demonstrate how DASF greatly 

improves image-based measurements that quantify cell shape. The chapter ends with 

the consideration of cell boundaries as points on a shape manifold. Projecting cell 

boundaries onto manifolds provides excellent clustering capability to classify cell 

shapes, and also provides a means to reconstruct a mean shape for a collection of cell 

configurations, which is impossible to do using traditional cell parameters.  

Cell Displacement 

Migration and displacement are often used interchangeably in the biomedical 

engineering language, although cell migration is much more difficult to actually describe. 

This section focuses on the displacement of cells, which is measured by the difference 

in the location of a cell from one frame to another during a tracking experiment, and 

does not fully reflect the migration of the cell. 

Centroids 

Once the cell signal is segmented from a raw digital image, it can be represented 

as a vector of x and y coordinates in the space of the image. A single dot in the top left 
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corner of an image would have the coordinates of (1, 1), for instance. The centroid of a 

cell is classically defined as the mean of the x and y coordinate vectors: 

�̅� =  
∑ 𝑥𝑖

𝑁
, 

and, 

�̅� =  
∑ 𝑦𝑖

𝑁
, 

where N represents the total number of pixels comprising the segmentation result. 

However, there are other options available. An intensity-weighted centroid, also uses 

the coordinates of the segmentation result, but includes the intensities of the raw image 

as weights: 

�̅�𝑖𝑤 =  
∑ 𝐼𝑖 ∙ 𝑥𝑖

∑ 𝐼𝑖
, 

and, 

�̅�𝑖𝑤 =  
∑ 𝐼𝑖 ∙ 𝑦𝑖

∑ 𝐼𝑖
. 

Weighting the intensity calculation opens the door to many other weighting 

choices, which are not explored here. However, it is worthy to mention that the average 

coordinate values of the boundary pixels will differ from the classical centroid calculation 

since protrusions away from the cell body will require more pixels along the boundary to 

represent them, while the bulk of the cell body weighs heavily in the classical centroid 

calculation. Another consideration about classic centroids is the dependence on object 

orientation on the measurement of displacements. Figure 3-1 uses tetris-style block 

pieces to demonstrate the variation introduced into the measurement of displacement 

as a new block is added, which is dependent on the orientation of each piece. Adding a 
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block along the major axis of objects results in a greater displacement measurement, for 

example. This is critical to the measurement of cell displacement since live cells often 

exhibit several configurations as they move. Using only the trajectory formed by 

successive centroid measurements overlooks the influence of cell shape and might 

introduce variation in the step size of a cell. Protrusions that dictate changes in the cell 

centroid may be equal in magnitude, but would be interpreted differently based on 

where they form around the cell. For this reason, other measures of the centroid may be 

preferred. 

The Distance Transform 

The weight of protrusions on centroid calculations can be avoided by tracking the 

centroid of a maximally inscribed circle within the cell boundary. A circumscribed circle 

may also be tracked, and is for many particle tracking applications, but the motivation to 

omit the influence of variable protrusions is cause to avoid circumscribed circles. An 

easy method to find the maximally inscribed circle is to perform a distance transform on 

the cell boundary. Representing boundary coordinates as (𝑥𝐵, 𝑦𝐵), we have: 

𝑑(𝑖, 𝑗) =  √(𝑥𝑖 − 𝑥𝐵𝑗)
2

+ (𝑦𝑖 − 𝑦𝐵𝑗)2, 

where 𝑑(𝑖, 𝑗) forms a matrix of distances between each pair of 𝑗 boundary pixels and 𝑖 

overall segmented pixels. The minimum value of each column in 𝑑 can be found, and 

the maximum element in that list indicates the 𝑖th coordinate of the segmentation pixels 

that corresponds to the centroid of the maximally inscribed circle. The radius of the 

circle is, then, that maximal element distance value. 
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Principal Component Analysis 

Cells are more rounded when they are preparing for division or dead, but most of 

the time they exhibit some degree of elongation, if not polarity or more complex shapes. 

Maximally inscribed circles do not necessarily reflect this elongation in the morphology 

of live cells, so a maximally inscribed ellipse is suggested to track the cell body. 

Calculating an inscribed ellipse is the same as calculating an inscribed circle, but the 

segmentation coordinates must first be de-elongated. Principal component analysis 

(PCA) is an excellent statistical tool, but in this case it will be used to rotate and scale 

the coordinates of segmented cells. Figure 3-2 illustrates the key steps in this process, 

and more detail is found below. 

MATLAB has a built-in function to perform PCA that returns the eigenvectors and 

eigenvalues of a set of boundary coordinates when they are input as column vectors. 

The eigenvectors form a 2x2 matrix that acts as a rotation matrix, which will rotate the 

cell boundary so that its major axis falls along the x-axis after centering the coordinates 

on their classical centroid. The degree of rotation corresponds to the inverse cosine of 

the first element in the eigenvalue matrix. Once the coordinates are rotated, the new x 

and y vectors can be scaled by dividing by the square root of the PCA eigenvalues, 

where the larger eigenvalue square root should divide the new x coordinate. Once this 

is done for the boundary and overall segmentation coordinates using the same set of 

PCA results, the maximally inscribed circle may be calculated for the rotated and 

rescaled coordinates as normal. The centroid of the maximal ellipse must be added to 

the classical centroid to get its position in the original space of the image, and its radius 

must be scaled back by the square root of the eigenvalues and rotated into the original 

cell orientation as well.  
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Protrusion Analysis 

Obtaining the maximally inscribed ellipse offers other advantages than tracking 

displacement of the bulk cell. By overlapping the ellipse on the cell boundary, regions of 

the segmentation result are distinguishable as front or rear-end protrusions. The 

displacement of protrusions will not necessarily influence the cell body to significantly 

displace, yet this is often overlooked by classical centroid analysis. Figure 3-3 depicts 

how the subdued motion of a maximally inscribed ellipse can be paired with the 

displacement of each protrusion to understand the dynamics of the cell as it moves 

along using block pieces as models.  

Figure 3-4 features several examples of NIN 3T3 fibroblasts, which have been 

partitioned using a maximally inscribed ellipse. The ability to locate the protrusion 

displacement opens the door to count and classify cell protrusions, but may also be 

used to improve upon previous cell-nucleus co-localization studies. Early concepts of 

this work supposed that the relationship between the cell and nucleus centroid 

displacement might grant more detailed information about cell migration. Unfortunately, 

the orientation of the cell can drastically affect the measured displacement of the 

classical centroid, introducing a high amount of error on the magnitude of the measured 

displacements themselves for time scales of one minute. Inserting a maximal ellipse to 

segregate the cell body and protrusions offers two new alternatives to such co-

localization work: tracking the co-localization of the nucleus and maximal ellipse 

displacement, and tracking the co-localization of the nucleus with the nearest dynamic 

cell protrusion.  

For cells exhibiting polarity as they move, the nucleus will ideally be co-localized 

to the rear of the cell, near to trailing end detachments. There are several physical 
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mechanisms that can act to link the nucleus to the rearward cell substrate adhesions 

including the LINC complex, actin-myosin fibers, and matured focal adhesions. These 

physical links suggest a ‘pulling weeds’ type of role for the nucleus, which is a much 

more rigid presence inside the cell than the cytoskeletal matrix. Internal structural 

proteins such as lamins that are physically connected to this process might also 

contribute to the flattening of the nucleus perpendicular to the substrate surface in a 

manner similar to tightening shoelaces once external actin-myosin contractions are 

triggered to de-adhere a major trailing end adhesion. For less severe detachment, the 

nucleus might exhibit at least some degree of correlated movement with the trailing end 

protrusion, and is expected to lag behind the cell body based on the same connectivity 

concept, which could explain the polarized phenotype in a wide variety of cells. 

However, these ideas were outside the scope of cell shape and have not been explored 

in detail to date. 

Cell Shape 

Extending from the ability to partition a segmentation result into the cell body and 

its surrounding protrusions, the overall cell shape is expected to offer more insight into 

complex migration behavior than simple displacement analyses. By definition, the shape 

of the cell does not rely on the position or orientation of the cell within an image frame, 

nor does it rely on the scale of the segmentation result. However, some descriptors of 

shape are coupled to the characteristic lengths and widths of the detected cell, and they 

have offered the means to classify different cells by such parameters. The developing 

field of computational diagnostic aid and morphometric analyses used in the drug 

discovery industry sometimes incorporate image parameters in statistical analyses to 

predict disease states or drug effectiveness. These additional parameters are all 
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coupled to the scale of cells in the field of view, and might not grant extra statistical 

resolution, but rather, they could wash out important observations with large datasets. In 

an effort to better represent the physical configuration of live, moving cells, this section 

will discuss some options for quantitatively characterizing cell shape and scale. As 

further motivation for the analysis of cell shape, Figure 3-5 revisits the example of 

simple blocks, classifying them by their shape using measures of circularity and 

eccentricity, which will be discussed shortly. In the figure, the displacement of blocks 

measured by their classical centroid varies, but in the framework of shape analysis, 

each block configuration is distinguishable. 

Circularity 

Very basic cell parameters include the area and perimeter length of the cell. The 

full resolution of the boundary is hindered by the nature of imaging with pixels, but cells 

are typically large enough to adequately quantify these parameters by simply counting 

the number of coordinate pairs in the segmented image result. The area is related to the 

centroid, then, as it can be considered as the 0th moment of the pixel location 

distribution, whereas the classical centroid is the 1st moment. It is important to re-

emphasize the importance of segmentation in obtaining this type of cell parameter. 

Figure 3-6 demonstrates how the distribution of measured cell area can dramatically 

change depending on segmentation results. The accurate cell boundaries provided by 

the DASF algorithm introduced in this work delivers the enhanced ability to measure cell 

parameters that was not available previously in an automated format. 

The area has the dimension of length squared, and cells with a larger radius will 

exhibit markedly larger areas by image analysis. For this reason, the square root area 

might prevent skewing of statistical analysis result from PCA or other tools. The 
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perimeter length has the dimension of length, granting the opportunity to create a 

dimensionless variable comprised of some ratio between area and perimeter. Several 

choices exist to combine area and perimeter measurements. One such measurement 

calculates the perimeter of a circle with the equivalent area as the cell, then takes the 

ratio of cell perimeter to circle perimeter. Another choice is to simply divide the squared 

perimeter by the area measurement to create a dimensionless shape parameter known 

as the shape factor, form factor or circularity: 

𝐶 =
𝑝2

𝐴
⁄ , 

where 𝐶, 𝑝 and 𝐴 represent the circularity, perimeter and area measurements, 

respectively. Despite the dimension of the area, the circularity turns out to be 

proportional to the perimeter-perimeter dimensionless parameter mentioned previously, 

and was chosen as one variable to measure the shape of cells for this work. Figure 3-7 

contains a diagram with the circularity measurements of common shapes for additional 

reference. 

Eccentricity 

Some other basic cell parameters are the major and minor axes of the cell. Both 

of these measurements have the dimension of length and their ratio naturally forms 

another dimensionless variable known as the length-to-width ratio, or the eccentricity: 

𝐸 =  
𝐿𝑚𝑎𝑗𝑜𝑟

𝐿𝑚𝑖𝑛𝑜𝑟
⁄ , 

where 𝐸, 𝐿𝑚𝑎𝑗𝑜𝑟 and 𝐿𝑚𝑖𝑛𝑜𝑟 represent the eccentricity, major axis and minor axis, 

respectively. The morphology of cells is rarely so simple as to facilitate the easy 

calculation of these axes, and so a typical solution is to circumscribe an ellipse about 

the cell and take the major and minor ellipse axes as the cell major and minor axes. 
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Here, a different way to calculate the eccentricity is suggested using PCA to obtain the 

eigenvalues of the coordinate pairs of the cell boundary. The square root of the ratio 

between these eigenvalues is equivalent to the traditional method to calculate 

eccentricity in that it represents the standard deviation of the coordinate point cloud 

along its primary axes, which can be considered to form an ellipse around the 

coordinate distribution: 

𝐸 =  √𝜆1
𝜆2

⁄ , 

where 𝜆1 and 𝜆2 are the larger and smaller eigenvalues of the boundary coordinates.  

 Regardless of the choice of eccentricity calculation, this measurement has the 

ability to classify a large range of shapes, seen already in Figure 3-5. However, it is 

essential to remember how important segmentation is to these type of classification 

strategies. Figure 3-8 compares the distribution of the circularity and eccentricity for the 

many configurations of a single migrating NIH 3T3 fibroblast. The accurate 

segmentation of the DASF algorithm reveals a representative shape distribution, 

whereas less accurate segmentation methods can generate significantly skewed shape 

distributions, misrepresenting the actual shape of the cell. 

Symmetry 

The symmetry of cells is often observed either while they are moving, stationary 

or dividing, but the symmetry of the complex closed curves of cells can be difficult to 

assess. Rounded cells and those with isotropically-distributed protrusions might have 

some degree of radial symmetry, much like a starfish, but the calculation of this type of 

symmetry is less physiologically relevant upon consideration of the anisotropic 
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distribution of cytoskeletal architecture that accompanies cell migration. Hence, the axial 

symmetry along the major and minor axes is of primary interest. 

The method to calculate a degree of symmetry again relies on PCA to return the 

2x2 eigenvector matrix. This rotation matrix can be right multiplied to the centroid-

centered boundary coordinates to orient the major and minor axes of the cell on the x 

and y axes, respectively. The new coordinate vectors adopt a form that is conducive to 

symmetry calculations because values on either side of the major and minor axes now 

are of opposite sign, so that: 

𝑠𝑚𝑎𝑗𝑜𝑟 =
𝑁𝑥𝑖<0

𝑁𝑥𝑖>0
⁄ , 

and, 

𝑠𝑚𝑖𝑛𝑜𝑟 =
𝑁𝑦𝑖<0

𝑁𝑦𝑖>0
⁄ , 

where 𝑠 represents the symmetry parameter for a given axis and 𝑁 represents the 

number of coordinates which satisfy the condition of their subscript. Both x and y 

coordinates that may be equal to 0 are omitted from the calculation since they would 

represent perfect symmetry along an axis and count for neither side. Since 𝑁 represents 

a portion of the cell perimeter, it has the dimension of length, and the symmetry 

measurement is dimensionless. 

Figures 3-9 demonstrates the symmetry of NIH 3T3 fibroblasts against those 

treated with TIAM1 shRNA. The data indicate that treated cells exhibit less minor axis 

symmetry, which represents a more polarized cell. This is supported by the data in 

Figure 3-10, which indicate that the average distance between the cell centroid and the 

centroid of a maximally inscribed ellipse as a percentage of the major axis length will 
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decrease with treatment by shRNA from nearly 8% to 6.5%. As the cell area becomes 

disproportional due to polarity, the centroid calculation will favor the side of the cell 

represented by more pixels, which also corresponds to the location of the inscribed 

ellipse. 

Measuring Changes in Cell Shape 

The ability to accurately measure cell shape parameters grants the ability to 

investigate the physical effects of drug treatment or protein expression in cells. Figure 3-

11 demonstrates some early shape data from tracking single NIH 3T3 fibroblasts 

subjected to miR-34-a treatment, and the transient transfection of the plasmids for three 

GTPase: mutations Rac V-12 (constitutively active), RhoA T19 (dominant negative), and 

CDC 42 T17 (dominant negative). The circularity and eccentricity of single cells were 

recorded over the course of one hour in minute increments, then used to generate 2-D 

distribution patterns. The treatment by miR-34a influences cells to exhibit more complex 

boundaries and to become elongated, as indicated by more distribution density at 

higher circularity and eccentricity values in comparison to the control. Due to the 

mechanism of micro RNA activity in cells, the exact targets of attenuated protein 

expression are unclear, but it is believed to affect cell migration. Since the GTPases 

dictate many aspects of cytoskeletal reorganization in migrating fibroblasts, comparison 

of cell shape parameters for miRNA treated and GTPase transfected cells was 

attempted to gain physical insight into possibly links between these factors. 

Transient transfection of the constitutively active form of RAC1 influences the 

fibroblasts to become very rounded and less elongated than control cells. This might be 

explained by the enhanced branching of the actin network in forming protrusions, 

through the activity of Arp 2/3, which is downstream of RAC1 activity. However, this cell 
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shape distribution is drastically different than the miR-34a distribution, suggesting that 

the micro RNA targets do not affect the upregulation of RAC1 in NIH 3T3 cells. 

Similarly, the introduction of dominantly negative CDC42 caused cells to exhibit less 

elongation and only slightly more boundary complexity than the control, but these shape 

changes were not consistent with those from miR-34a treatment. CDC42 is considered 

to be a major regulator of cell polarity, which is supported by the observation of less 

elongated fibroblasts. Finally, the introduction of dominant negative RhoA caused 

fibroblasts to elongate and exhibit more circularity in a similar manner as those treated 

by miR-34a. Loss of normal RhoA activity is expected to decrease the level of actin-

myosin contractility at the trailing end of polarized migrating fibroblasts. This could leave 

adhesions in the trailing end of cells in place, stretching the cell as it moves away, which 

is supported by the increased eccentricity of the observed cells. Based upon the 

similarities in the cell shape data between RhoA T-19 and miR-34a treatment, a link 

might exist between these two factors, but more data from traditional migration and 

molecular-based studies is necessary to make a stronger conclusion. 

After examining single cells, it was realized that shape parameter distributions for 

single cells might not reflect the distribution of the entire population. Figure 3-12 

demonstrates the circularity versus eccentricity distributions for an epithelial cell line, 

OSE10, and for NIH 3T3 fibroblasts treated by TIAM1 shRNA or by the diabetes drug, 

Metformin. Figure 3-13 contains 3 plots of the circularity versus eccentricity for human 

foreskin fibroblasts (HFF), OSE10 and NIH 3T3 cells using a larger population of single 

cells to refine the distributions. These data indicate some differences in the shape of 

cells for each condition or cell line, but it becomes clear that cell shapes might become 
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difficult to classify other than by their rounded-ness, elongation or complexity. Figure 3-

14 is a plot of circularity versus eccentricity for a control population of NIH 3T3 

fibroblasts, with the boundary of the cell drawn instead of single points. The three 

colored circles indicate the general classifications of shape that seem to emerge initially 

from shape analysis. Although more resolution might be available through statistics, it 

can be seen from Figure 3-15 that the resolution between clusters of points can differ 

between cell types, obscuring the ability to classify very rounded cell types with the 

same detail as more complicated morphologies. 

The lack of shape resolution becomes more important when considering 

differences in cell boundaries arising from molecular perturbations, which could 

introduce differences too subtle to detect between populations. NIH 3T3 were treated by 

transient transfection of plasmids for constitutively active or dominantly negative forms 

of RhoA (V14 or T19N), Rac1 (V12 or T17N) and CDC42 (V12 or T17N) proteins 

obtained as a gift from Alan Hall. The circularity versus eccentricity plots for these cells 

are found in Figure 3-16. Compared to a control group of NIH 3T3 cells, the only 

treatment condition that does not exhibit a large proportion of rounded cells, indicated 

by a circularity of 12 and eccentricity of 1, was that of the dominant negative RhoA 

group. Physically, these cells lacked the ability to pull out trailing end substrate 

adhesions due to the diminished actin-myosin contractility caused by interference with 

normal RhoA activity. They appeared to have significantly elongated and thin 

protrusions, resembling in appearance the axons of a neuron. Since the ability to create 

front end protrusions was not impaired, this group of cells would stretch along their 

direction of displacement, pulling old protrusions out like taffy. This morphology differs 
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significantly from any seen in the control group, a detail that is lost when qualitatively 

comparing the two distributions of shape parameters. Conversely, the active form of 

RhoA induced very rounded cells, possibly due to very strong substrate attachment or 

negative feedback on normal Rac1 and CDC42 migration activity, diminishing the 

formation of new protrusions. This morphology is very similar in distribution to OSE10 

epithelial cells (see Figure 3-13), but the underlying molecular activity that induced each 

morphology is not expected to be similar. However, similarities seen between active and 

dominantly negative forms of Rac1 and CDC42 might imply underlying molecular 

pathway similarities since these two proteins share a signaling pathway that influences 

actin polymerization at the front end of migrating fibroblasts. Reducing that activity 

induces rounded, immobile cells, while bolstering polymerization of actin over-creates 

NIH 3T3 protrusions, inducing complex single cell morphology.  

Statistical analysis of the circularity, eccentricity and number of protrusions for 

each of the above conditions was performed by analysis of variance (ANOVA) to 

determine significant differences from the control group of NIH 3T3 cells. The ANOVA 

results are featured in Figure 3-17, but lack the significance one might expect to see 

given the large qualitative differences seen in the circularity versus eccentricity plots. 

These data imply that quantification by the circularity and eccentricity are insufficient to 

fully characterize the morphology of single cells on their own, but it may be possible to 

combine existing molecular techniques with live cell tracking to obtain deeper insight 

into cell migration and heterogeneity. Still, the problem may lie in the type of 

quantification typically used to characterize cell shape in the first place. Therefore, 
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another method to quantify the cell shape was pursued in an effort to distinguish 

between cell configurations in a more physiologically meaningful way. 

Manifolds and Geodesics 

The dimensionless cell parameters described in the previous section have the 

ability to roughly classify cell shape, but problems arise due to the nature of these 

measurements. Figure 3-18 illustrates the variety of configurations a single cell may 

adopt as it moves using a circularity versus eccentricity plot. One issue is the 

convergence of points as cells become more circular and less complex. Very subtle 

changes in the boundary shape may also get clustered together by these 

measurements, such as the retraction of a trailing end protrusion that could enhance the 

cell’s ability to make forward progress. Within a cluster of points determined by these 

shape parameters, it is also impossible to reconstruct a mean shape based on the 

mean values for the cluster. Thus, a new representation of cell shape was integrated 

into this work, which projects the closed planar curves of cell boundaries onto a 

manifold. 

A manifold is a topological space that can be represented in Cartesian space for 

a local region of points (Do Carmo, 1976; Woods, 2003; Klassen et al., 2004). For 

instance, the surface of the Earth can be considered to be a manifold since its curvature 

prevents travel from New York to Los Angeles without burrowing through the ground, 

but in the local region of a kitchen, travel from the refrigerator to the stove is possible. 

Thus, travel along the Earth for longer distances can be achieved with a succession of 

short paths in a space tangent to the surface. These paths are known as geodesics and 

the continuity of the Earth’s surface allows for it to be differentiable to obtain a tangent 

space in which to calculate a geodesic. The shortest geodesic paths for a flight between 
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two cities will appear as a curved line on an atlas of the globe, and similarly finding the 

shortest geodesic path on other manifolds is nontrivial due to the curvature of the 

manifold space. The existence of a tangent space, however, allows for the calculation of 

an inner product for vector fields represented as points along a manifold, allowing the 

measurement of distances and angles (Do Carmo, 1976). Manifolds with these 

properties are known as Riemannian manifolds, and they are the final goal when 

attempting to represent cell boundaries as a manifold. 

Projections onto Shape Space 

The boundary coordinate vectors that describe the perimeter of cells can be 

considered as arclength functions for closed curves in two-dimensional space (Klassen, 

2004; Srivastava, 2005; Liu, 2010). The velocity of the arclength function represents the 

direction and magnitude that must be traveled from point to point along the curve to the 

next. The vector of velocities for a given curve make a positive angle with the x axis that 

can be recorded to create a direction function. The direction function is simply a record 

of the direction the curve turns at each point to the next. In this form, closed curves lose 

their location within the space of the original image, and after normalizing the velocity 

function by its Frobenius norm, the sense of scale is also abandoned. In shape analysis, 

location and scale are considered to be nuisance factors along with the orientation of 

the curve with respect to the x axis. Rigid rotations in the plane of an image of the same 

curve must be considered to fully decouple all nuisance variables from the direction 

function, and represent curves in a Riemannian manifold. 

Adding a constant to each element of the direction function results in a rigid 

rotation of the representative curve in the original image space. Thus, a direction 

function can be enforced to satisfy the following constraint: 
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𝜙1 =
1

2𝜋
∙ ∫ 𝜃(𝑠)

2𝜋

0

𝑑𝑠, 

where 𝜙1 =  𝜋, and is the first component of a map of the direction function 𝜃 into ℛ3. 

Two more components arise from the closure condition of the curve: 

𝜙2 = ∫ cos 𝜃(𝑠)
2𝜋

0

𝑑𝑠, 

and, 

𝜙3 = ∫ sin 𝜃(𝑠)
2𝜋

0

𝑑𝑠, 

where 𝜙2 =  𝜙3 = 0. This mapping was first reported by Klassen, who also suggested 

an iterative algorithm to project direction functions onto the tangent space under the 

mapping constraints using the Jacobian matrix: 

𝐽 =  [
〈

1

2𝜋
, 1〉 〈

1

2𝜋
, 𝑠𝑖𝑛𝜃〉 〈

1

2𝜋
, 𝑐𝑜𝑠𝜃〉

−〈𝑠𝑖𝑛𝜃, 1〉 −〈𝑠𝑖𝑛𝜃, 𝑠𝑖𝑛𝜃〉 −〈𝑠𝑖𝑛𝜃, 𝑐𝑜𝑠𝜃〉
〈𝑐𝑜𝑠𝜃, 1〉 〈𝑐𝑜𝑠𝜃, 𝑠𝑖𝑛𝜃〉 〈𝑐𝑜𝑠𝜃, 𝑐𝑜𝑠𝜃〉

], 

where 〈 〉 indicates the inner product. In practice, the rotation constraint is handled 

separately from the closure condition, and arclength functions are projected to the 

tangent space using only the closed curve constraints, and then those vectors are 

rotated to match each other. 

Geodesic Distance and Boundary Curvature 

The projection of direction functions onto the tangent space of a shape manifold 

has a strong association with the curvature of the cell boundary: 

𝜅(𝑠) =  𝜃′(𝑠). 

Because the tangent space is calculated from the differential of the map 𝜙 from the 

shape space, geodesic paths strongly reflect changes in curvature necessary to 
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transform one shape into another. This can be visualized by considering a wire coat 

hanger that must be bent and shaped to create a rod for cooking hot dogs over a camp 

fire. There will be a minimum number of bends such that the wire is straightened with 

the least amount of energy, and this is representative of the shortest geodesic path. 

Figure 3-19 features a paper box, on which a shortest path from one face to another 

has been drawn. If the paper box is flattened, that shortest path becomes a straight line, 

which is representative of how the tangent space of the shape manifold is used. 

 The minimal geodesic distance between two tangent vectors can be calculated 

by their inner product, under the assumption that they are near enough on the manifold 

to form a straight path in the tangent space. The shapes of cells do not change 

dramatically enough to break this assumption as they move, but a very heterogeneous 

population of cells might. However, very basic heuristics about the shapes of cells in a 

population can help to prevent comparisons between very different shapes. This is 

discussed further in the next section. 

Shape Clustering 

Just as the distance transform described previously generates a matrix of 

absolute distances between two sets of coordinates, a collection of distances between 

each pair of shapes in a set can be constructed. This forms a square matrix with a 

distance of zero for all diagonal elements. An example of a geodesic distance matrix is 

found in Figure 3-20, constructed by the single cell shapes in Figure 3-18. Srivastava 

suggested a Markov Chain Monte Carlo (MCMC) search process to cluster the data 

contained in the geodesic distance matrix, which relied on the calculation of a 

dispersion for each cluster and iteratively moved a random element to a new cluster 

based on an exponential probability function. The clustering configuration that 



 

127 

minimizes the dispersion of each cluster represented the final result, but for a larger 

data set of cell shapes, the MCMC method required a prohibitively longer time to settle 

to an answer. 

Motivated to be able to cluster cell shapes effectively using geodesic distances, 

normalized graph cuts were revisited as an alternative to the MCMC search algorithm 

(Cour, 2005). The previous disadvantage of large similarity matrices for the graph cut 

approach to image segmentation stemmed from the conversion of an 𝑛 by 𝑚 sized 

image into an 𝑛 ∙ 𝑚 x 𝑛 ∙ 𝑚 sized similarity matrix. However, the geodesic distance 

matrix is already conducive to the form of an imaging similarity matrix. The only 

necessary step is to convert the geodesic distances by a Gaussian function following: 

𝑤 = exp (− (
𝑑

0.95 ∙ max(𝑑)
)

2

), 

where 𝑤 is the resulting similarity matrix and 𝑑 is the geodesic distance matrix. Figure 

3-21 demonstrates the similarity matrix of the geodesics distance matrix in Figure 3-20. 

The first 𝑁 eigenvectors of 𝑤 are determined, identified by the largest 𝑁 eigenvalues of 

𝑤, and where 𝑁 is the eventual number of clusters desired. Next, these column 

eigenvectors are normalized and the largest element in each row is identified and set as 

the initial cluster result. This initial clustering is left multiplied by the normalized 

eigenvectors and the result is subjected to singular value decomposition to create a 

rotation matrix from the resulting two unitary matrices. Right multiplying the rotation 

matrix with the eignevectors changes their direction in space and maximizes the 

singular values upon recalculation. The position of the new largest element in each row 

of the rotated eigenvectors defines the clustering result. This process is orders of 

magnitude faster than MCMC searching, and clusters the shapes of cells extremely well 
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based on their geodesic distances from each other, as seen in Figure 3-22. Figure 3-23 

shows the clustering result in the context of circularity and eccentricity, demonstrating 

the statistical resolution the shape manifold approach provides over traditional 

parameters for classifying single cell shapes. This is the first application of normalized 

graph cuts to clustering based upon geodesic distances. 

Mean Cell Shape 

The vectors in the tangent space of a given direction function and the geodesic 

distances between shapes in the manifold can be used together to also specify a mean 

of a set of shapes. The mean in terms of the manifold is known as the Karcher mean, or 

an intrinsic mean (Woods, 2003; Klassen, 2004). The mean of traditional cellular 

parameters is called an extrinsic mean, and since the Karcher mean is defined on a 

manifold and extrinsic means are not, the manifold approach to mean shapes allows for 

the reconstruction of a curve whereas extrinsic means cannot. However, since points on 

a manifold lie in a curved space, averaging over all points does not provide an intrinsic 

mean. Instead, the gradient descent approach introduced by Woods must be 

implemented, which takes successively smaller steps from a beginning point 

sequentially toward each point in the set of shapes, and with the length of each step 

determined by the geodesic distance between points. An example of this method to 

calculate the mean in featured in Figure 3-24. For tangent space, the result of each step 

is projected back to the manifold, and the resulting final location will represent the 

Karcher mean shape. Using the same clustering result from Figure 3-25, the mean 

shape of each cluster is shown in relationship to the cell trajectory in Figure 3-23. Based 

on this result, the potential to quantitatively characterize subtle differences in cell motion 

becomes available for the first time. 
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Summary 

The geodesic lengths which characterize curvature differences of closed curves 

are measured along the tangent space, and the direction of the tangent along minimal 

geodesics can reflect very subtle changes in the cell boundary. A basis of tangents 

could conceptually be formed to classify the distribution of protrusion types for normal 

and diseased cell types, and would provide a quantitative basis to compare the shapes 

of cells and protrusions in a formal framework. A distribution of protrusion types can 

also identify the frequency of dangerous morphologies within a biopsy sample or reveal 

very subtle variation for drug screening applications. This manifold-based approach to 

cell shape has the added advantages of providing meaningful mean shapes and 

allowing efficient clustering of shapes. 

A disadvantage of this approach is the parameterization of the closed curves, 

which describe cell boundaries. As the computer detects objects and generates the 

coordinates of boundaries, it discovers the pixel nearest to the top left of images first. 

This beginning point for the curve can negatively affect the comparison of shapes and 

the calculation of geodesic distances. In this work, each curve was reparameterized to 

begin from the leftmost pixel after rotation to the major axis. This is not an ideal solution 

to the problem, but it is fast in comparison to cycling through all possible starting points 

when comparing two shapes, as proposed by Klassen.  

Since cell boundaries most always vary in their perimeter, cubic spline 

interpolation was introduced to regularize the length of perimeter vectors to 200 points. 

This process could introduce some subtle variation at very similar boundaries that might 

translate into the geodesic distance between two curves. However, it was observed that 

higher curvature regions of boundaries tended to dominate the geodesic distance 
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measurement. This seemed to foster the clustering of single migrating cell shapes, but 

when entire populations of cells where clustered, the grouping often contained very 

differently shaped cells (data not shown) and was unsuccessful. The poor grouping of 

cell populations might be due to similarities in high curvature regions of the cell 

boundary, or due to the cells being too distant from each other along the manifold, a 

testament to the heterogeneity of cells. 
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Figure 3-1. The displacement between centroids of block pieces are measured for the 
addition of a square block both vertically and diagonally. The displacement is different 
depending on the original orientation of the block piece, despite the equal addition to 
each piece. 
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Figure 3-2. Principal component analysis is used to inscribe a maximal ellipse into a cell 
boundary. The eigenvectors of the boundary coordinates form a rotation matrix that 
rotates the boundary, aligning the major axis with the x axis. The maximal distance of 
the area coordinates and boundary indicates the center of the ellipse, and is calculated 
by a distance transform after normalizing the coordinates by their eigenvalues. 

 
 

Figure 3-3. Inscribing a maximal ellipse partitions shapes and can help identify the 
number of protrusions as well as aid tracking by centroids of the partitions. 
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Figure 3-4. 16 NIH 3T3 fibroblasts have been partitioned by their maximally inscribed 
ellipse, demonstrating the range of protrusions this cell type can achieve. 

 
 

Figure 3-5. Using additional shape information may help to understand the behavior of 
migrating cells in addition to displacement information. 
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Figure 3-6. Segmentation of a cell (top) performed by simple thresholding using noise 
statistics (white), DASF (red) and Otsu’s method (blue) generate different cell 
boundaries, which can drastically skew the distribution of cell parameters such as area 
(bottom). The black arrow indicates the accurate area distribution determined by the 
DASF algorithm. 
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Figure 3-7. The circularity for basic shapes is presented. 
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Figure 3-8. Cell shape parameter distributions are significantly skewed by bad image 
segmentation, even for visually acceptable results. The DASF algorithm produces 
accurate segmentation and delivers more accurate cell shape parameters, as 
demonstrated using the circularity and eccentricity. 
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Figure 3-9. The symmetry differences of NIH 3T3 fibroblasts (top) and those treated 
with TIAM1 shRNA (bottom) are demonstrated using 2-d contour plots of the 
distributions. Treatment by shRNA influenced a decrease in symmetry. 
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Figure 3-10. The distance between the cell centroid and the centroid of a maximally 
inscribed ellipse was normalized by the major axis length and used to construct two 
histograms for NIH 3T3 fibroblasts and those treated by TIAM1 shRNA. The decrease 
of this distance in treated cells indicates more polarized, less symmetric cells. 
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Figure 3-11. The distribution of circularity and eccentricity for single migrating NIH 3T3 
fibroblasts changes upon treatment by miR-34a, and plasmids for Rac1 V12, RhoA T19 
or Cdc42 T17. 
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Figure 3-12. Circularity and Eccentricity can generally classify differences in cell 
populations based on cell type or after drug treatment. 
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Figure 3-13. Circularity and Eccentricity can generally classify differences in cell 
populations based on cell type. 



 

142 

 
 

Figure 3-14. The three colored circles indicate rounded (orange), elongated (blue) or 
complex (purple) cells. These divisions do not take advantage of the complete 
information a set of boundary coordinates provides. 

 
 

Figure 3-15. Very rounded cell types may be very difficult to classify using circularity 
and eccentricity, causing a bias in the ability to analyze their behavior versus other cell 
types. OVCAR-3 epithelial cells are used in this example against Swiss 3T3 fibroblasts. 
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Figure 3-16. Circularity and Eccentricity can generally classify differences in cell 
populations based on differences in the protein activity of key cytoskeletal proteins. 
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Figure 3-17. ANOVA of the circularity, eccentricity and number of protrusions for several 
cell types and treatment conditions do not reveal the expected significant differences 
noted visually between single cells from each group. 
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Figure 3-18. A live NIH 3T3 fibroblast adopts many configurations as it moves along a 
trajectory, but they are visually similar and their shape parameters do not reflect 
differences between subtle shapes changes. 
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Figure 3-19. Minimal geodesics represent the shortest paths in the curved space of a 
manifold. The tangent space near a point on the manifold resembles flat Cartesian 
space and is useful for calculating geodesic paths. 
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Figure 3-20. Each pixel represents the minimal geodesic distance between two cell 
shapes, with the diagonal representing self-comparisons. These distances represent the 
change in total boundary curvature between one shape and another. Brighter pixels 
represent larger distances. 
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Figure 3-21. The geodesic distance matrix can be transformed to a similarity matrix for 
use in the normalized graph cut clustering algorithm using the Gaussian function. 
Brighter pixels represent similar shapes. 
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Figure 3-22. Three clusters (right) are rapidly computed using normalized graph cuts for 
a 183 x 183 similarity matrix (left). 
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Figure 3-23. The clustering (blue, green or red) result based on geodesic distances 
provides greater resolution than traditional shape parameters, even for very subtle 
differences in the cell boundary. The clustering result also suggests that the trajectory of 
a single NIH 3T3 may be correlated to the current cell configuration. 
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Figure 3-24. The calculation of a mean shape using geodesic distances and tangent 
vectors functions identically to this example using 16 random points. Beginning from an 
arbitrary point, a partial step is taken toward the next point determined by 1/n, where n 
is increased from two to the total number of points minus one at each step. 
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Figure 3-25. The mean shape of each cluster can be calculated using the shape 
manifold to provide potential insight into cell migration behavior. 
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CHAPTER 4 
CONCLUSIONS AND RECOMMENDATIONS 

This dissertation presents two new image processing algorithms to enhance cell 

mechanical studies: the dinosort algorithm and automated spatial filtering. The 

combination of the two, termed DASF, provides high fidelity measurements of cell 

parameters based on accurate image segmentation, while ASF alone is used to 

dramatically improve the performance of CT image segmentation and the detection of 

cytoskeletal fluorescent signals. The ability to distinguish between very subtle 

differences in cell shape is granted, both by traditional parameters and by projecting the 

closed curves of cell boundaries onto a shape manifold, and the physiological effects of 

drug treatment, protein mutation or microRNA are able to be quantified through simple 

observation of cell behavior via common fluorescence microscopy. 

The state-of-the-art in image processing is often far removed from practical daily 

work in cell biology. Images are taken, but only to qualitatively characterize a sample or 

verify the result of some molecular-based assay. Cell migration studies generally rely on 

parameters that reflect displacement of a roughly estimated cell centroid rather than 

representing the dynamics of cell motion. Yet, the dynamics of the cytoskeleton that 

must occur to achieve migration are a window into the complex signaling pathways 

underlying cell migration events. Thus, extraction of more representative cell 

parameters from digital images has the potential to reveal a deep story about cell 

mechanics and the response of a cell to a stimuli, chemical or physical. The DASF 

algorithm has provided the foundation for this type of cell mechanics investigation, and it 

has done so in a rapid, accurate, automated format.  
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The dinosort and ASF methods do not require in-depth knowledge of 

mathematics to implement independently, fostering availability to a larger biological 

audience, but also granting easy integration into openly available image processing 

suites like ImageJ. Automated segmentation of cell images also provides consistent 

measurements that are repeatable regardless of training or experience. This quality 

fosters the sharing of data in a standard format that can be trusted. Moreover, the 

concept of high content screening must rely on very rapid analysis over sophisticated 

segmentation schemes that increase processing time. The loss of segmentation quality 

can become expensive as greater sample size is necessary for statistical analysis. Yet, 

the distributions of cell parameters measured from poor segmentation can misrepresent 

the true cell configuration. DASF offers equivalent speed as very basic segmentation 

schemes as well as the accuracy of more sophisticated algorithms, and could potentially 

save time and money invested in additional sample size, reducing the cost of drug 

discovery screening and thereby reducing the cost of medication to consumers. 

Medical diagnostics can also benefit from accurate, repeatable image analysis. 

Human error is costly due to litigation and wasted resources on extraneous testing, 

which has inspired the development of computer-aided pathology. While the spatial 

frequency concepts underlying DASF and the improved ability of level sets to segment 

CT scan images should be pursued further in more medical applications, the analysis of 

cell shapes and organ shapes could be crucial to detecting image subtleties a physician 

might miss through subjective analysis. Shape manifolds are being explored to assess 

MRI scan data, but this dissertation is the first to apply the concept of shape manifolds 

to study cell boundaries. Due to the advantages of the manifold representation of cell 
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shapes and the potential to improve medical image segmentation through DASF, this 

work represents a major multidisciplinary success. 

However, a general class of computer vision problems could also potentially 

benefit from this work, including military targeting, object recognition, disaster relief and 

surveillance. Missiles must be achieve a lightweight intelligence to determine whether to 

commit to a target and avoid devastating non-military bystanders. Simple classifications 

of shapes could help to achieve the proper discrimination without overwhelming limited 

processors in those devices. Object recognition by procrustean analysis, or direct 

comparison, is computationally expensive, but certain objects feature unique shape 

parameters that could be exploited. Since objects visible from a moving device will 

change location within the field of view, change scale and possible change orientation, 

shape analysis is ideally suited to provide targeting information. In all of these 

applications, image segmentation and shape analysis is critical to success. 

As a final thought, the planar curves of cell boundaries give rise to many types of 

measurements, but the intrinsic information from many measurements are spawned 

from locations within the two-dimensional plane of the image and fundamentally share 

the dimension of length. Applying manifolds and geodesics to the shape analysis of cell 

boundaries might have had its obstacles in this work, but it also opens the door to 

consider the boundary of the cell as something other than a planar curve. Rather, the 

boundaries contains various protrusion features at certain frequencies, which is 

analogous to the Fourier decomposition of a simple curve. Yet, the heterogeneity of 

cells generates a wild array of possible protrusions, and a straightforward 

decomposition of the entire cell boundary couples two protrusions together 
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mathematically, which may in truth arise from distinct physiological activity. It is strongly 

suggested that cell boundaries be segregated by fitting an ellipse or some other means, 

and that the distinct protrusions identified afterwards be treated separately as open 

curves and subjected to shape analysis. In that scenario, high curvature trailing end 

protrusions would not influence the analysis of a broad flat lamellipodia at the front end 

of the cell. Furthermore, rounded cells may appear to have several dull protrusions, but 

none would be similar in shape or number to a very polarized fibroblast protrusion. 

Single cells may then be classified by the protrusions they exhibit, rather than by their 

general shape. The implications to cytoskeletal architecture should be immediate, but 

the possible ramifications of this strategy to pathological cells could prove to elucidate 

many obscure cell behaviors. 
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APPENDIX 
METHODS 

Fluorescence Microscopy  

A Nikon TE-2000 microscope (Nikon, Melville, NY), equipped X-Cite 120 PC 

fluorescent light source (EXFO, Ontario, Canada) and a Cascade:1K CCD camera 

(Roper Scientific, Tucson, AZ), was used to acquire microscopic images at 20x 

magnification. In addition, an on-stage incubator (In Vivo Scientific, St. Louis, MO) with 

temperature control and a supplementary CO2 system was operated along with the 

microscope to maintain the experimental environment at 10% CO2 and 37 °C.  

Cell Culture, Plasmids and Transfection 

NIH 3T3 fibroblasts (ATCC, Manassas, VA) were maintained in DMEM with 10% 

fetal bovine serum and 1% L-glutamine (all purchased from Mediatech Inc., Manassas, 

VA) in a humidified incubator at 37C and 10% CO2. For transfection, cultured cells 

were prepared on fibronectin-coated glass bottom dishes (MatTek, Ashland, MA) under 

normal culturing conditions for 24 hours. Then the cell culture was incubated in 1 ml 

Opti-MEM I Reduced Serum Media (Invitrogen, Carlsbad, CA), which was 

supplemented with a premixed transfection solution, containing 4 µg pERFP-C-RS 

plasmid (Clontech, Mountain View, CA) and 5 µl Lipofectamine 2000 (Invitrogen), for 1 

hour to introduce the plasmids into the cells. Afterward, the cells were then maintained 

in normal cell culture media for further experiments.  

Variable Pressure Scanning Electron Microscopy 

Highly resolved cell images were acquired by an S-3000N variable pressure 

scanning electron microscope (Hitachi, San Francisco, CA). An acceleration voltage of 

5 kilovolts and 10.3-mm working distance were used. This type of scanning electron 
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microscopy (SEM) uses a low vacuum (60 Pa) to enable the imaging of samples without 

a special coating such as gold (Kirk et al., 2008). Cells expressing red fluorescence 

protein (RFP) were passed to glass slides and allowed to adhere before being fixed in 

glutaraldehyde for 10 minutes, washed in phosphate buffered saline and stored in de-

ionized water. Cell samples were allowed to air dry before the vpSEM experiments, and 

were imaged using fluorescence microscopy immediately before and after the vpSEM to 

allow for direct comparison of the same cells between the two techniques. In this case, 

sample shrinkage was not a concern since only the fluorescent signal was of interest; 

hence, special freeze-drying was not used to prepare samples. 

Image Analysis and Threshold Determination 

Raw images were processed using a custom-designed routine in Matlab (The 

MathWorks, Natick, MA) as described in appendix B. 

Transfection 

Cell cultures, plasmids, transfection and reagents: NIH3T3 fibroblasts were 

obtained from American Type Culture Collection (ATCC, Manassas, VA), ovarian cells 

OSE10, OVCAR3 and MSPC1 were generous gifts from Professor Ie-Ming Shih (JHMI), 

cDNA that express green fluorescence protein (GFP) was purchased from Clontech 

(Mountain View, CA). Culture cells for aim 3, including BE, LS174T, SW962, WM266.4, 

A375 and A375P will be purchased from ATCC. A357m2 cells can be obtained by 

overexpressing human RhoC proteins in A375 cells25 (ATCC). cDNA construct of 

human RhoC can be purchased from OriGene (Rockville, MD). Transfection will be 

carried out using Lipofectamine 2000 (Invitrogen, Caribad CA). Hoechst 33342 can be 

purchased from Sigma (St. Louis, MO). 
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