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ABSTRACT

Lorenz, Kevin S. Ph.D., Purdue University, August 2012. Registration and Segmen-
tation Based Analysis of Microscopy Images. Major Professors: Edward J. Delp and
Paul Salama.

Optical microscopy exhibits many challenges for digital image analysis. In general,

microscopy volumes are inherently anisotropic, suffer from decreasing contrast with

tissue depth, lack object edge detail, and characteristically have low signal levels.

Image analysis is motivated by the desire to quantify biological characteristics such

as cell count and tissue volume. This thesis describes methods for an integrated

approach to segmentation and registration of intravital microscopy image sets. Image

data are acquired using one of two distinct techniques. One data set type consists

of a series of images corresponding to focal planes looking deeper in the tissue (three

dimensional data), and a second type consists of a series of images corresponding to

a sequence of time instances imaging a single focal plane (time-series data). Analysis

is performed via a combination of segmentation and registration techniques, but is

complicated by factors such as live specimen motion during image acquisition. In

particular, we describe a method that utilizes image enhancement, spatial filtering,

rigid and non-rigid registration, and temporal filtering. Experimental results indicate

our methods are promising based on the analysis of several sets of liver, kidney, lung,

and salivary gland images. By lacking ground truth data to evaluate accuracy of

results, analysis consistency is evaluated using flipped image volumes and reverse

image acquisition. Registration validation is performed using motion vector analysis,

a non-traditional application of a technique borrowed from motion estimation.
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1. INTRODUCTION

1.1 Background in Optical Microscopy in Biological Research

Optical microscopy has become one of the most powerful techniques in biomedical

research, particularly when combined with digital image analysis. Since an optical

microscope uses visible light and a system of lenses to magnify images, as opposed to

electrons and electromagnets present in electron microscopes, the size of the small-

est samples an optical microscope is able to resolve is directly proportional to the

wavelength of visible light. Among all types of optical microscopes, one variety is a

fluorescence microscope, which uses fluorescence instead of reflection and absorption

as a source of image contrast. With fluorescence microscopy, a specimen is first in-

jected with fluorophores (fluorescent molecules) which then attach to or tag proteins

or other molecules within the specimen. The specimen is then illuminated with light

of a specific wavelength, which is absorbed by and excites the fluorophores. As a

result, the fluorophores emit light, which usually has a longer wavelength (lower en-

ergy) than the absorbed light. Fluorescence occurs when a single excitation photon is

absorbed by a fluorophore, causing a transition of the molecule into a more energetic

and excited state. The molecule then relaxes back to its natural ground state by

emitting a single photon of a less energetic, longer wavelength than the excitation

wavelength [1].

A fluorescence microscope contains a filter or a series of filters that accomplish two

primary tasks. One task is to ensure the illumination light is at the correct wavelength

and contains no other wavelengths. A second task is to ensure that only the fluoresced

light and none of the illumination/excitation light reaches the microscope detector.

For both of these tasks to be accomplished, the wavelength of illumination light, the
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choice of fluorescence injected into the specimen, and the light filters must all be

appropriately paired and matched.

Illumination light with short wavelengths (consisting of high energy) is often nec-

essary to excite fluorophores, which may damage living tissue. This is overcome

through the use of multiphoton fluorescence microscopy. With a multiphoton micro-

scope, two or more photons from light with a long wavelength arrive simultaneously at

a fluorophore. The fluorophore absorbs this combined energy, resulting in the same

effect as traditional fluorescence microscopy. This combined energy from multiple

low-energy photons excites an electron into a higher energy state that emits a higher

energy photon as it decays. The distinct difference of multiphoton microscopy is that

with the combination of the energy from multiple photons simultaneously, the illumi-

nation/excitation wavelength is longer (lower energy) than the emission wavelength.

The energy of a photon is inversely proportional to its wavelength. Therefore, if

two-photon excitation is used, the two photons should be about twice the wavelength

required for single-photon excitation. For example, a fluorophore that normally be-

comes excited by one photon at 350 nm can also be excited by two photons at 700 nm

if they reach the fluorophore simultaneously (within about 10−18−10−16 seconds) [2].

Two photons of approximately equal energy interact with a molecule, producing an

excitation equivalent to the absorption of a single photon possessing twice the energy.

With the use of lower energy (longer wavelength) light, multiphoton microscopes will

cause much less damage to living tissue which enables the imaging of live cells. As

a result, living tissue and cells may be observed for longer durations and with less

recovery time while experiencing fewer toxic effects. Furthermore, with multiphoton

microscopy, the fluorescence intensity has a squared dependence on the laser light

intensity, rather than the linear dependence of conventional fluorescence microscopy.

For example, doubling the excitation intensity produces four times the fluorescence [3].

The titanium-sapphire laser typically used to excite two-photon fluorescence emits

infrared light from approximately 700 to 1000 nm, while typical fluorophores have

excitation spectra at shorter wavelengths. The probability of the near-simultaneous
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absorption of two photons is extremely low. Therefore, to obtain a significant number

of two-photon absorption events where both photons interact with the fluorophore

simultaneously, the photon density must be approximately one million times greater

than what is required to generate the same number of one-photon absorptions [2].

This requires a much higher rate of low-energy excitation photons (both spatially

and temporally) than with single-photon microscopy. As a result, extremely high-

powered lasers are required to generate a sufficient amount of two-photon-excited

fluorescence. This is accomplished by using pulsed lasers, where the peak power

during the pulse is high enough to generate significant two-photon excitation, but the

average laser power is fairly low so as not to damage the specimen. The pulse duty

cycle (the duration of the pulse divided by the time between pulses) is approximately

10−5, which limits the average power to less than 10 mW. The pulse durations are

typically from 100 femtoseconds to 1 picosecond (10−13−10−12 s). However, from the

perspective of the fluorophore, where the absorption event occurs within 10−18 s, the

laser pulses appear to be quite long in duration.

When a fluorophore absorbs two low-energy (infrared) photons simultaneously, it

will absorb enough energy to be raised into the excited state. The fluorophore will

then emit a single photon with a wavelength that depends on the type of fluorophore

used, which is typically in the visible spectrum. The only place at which the pho-

tons are crowded enough to generate a significant amount of two-photon excitation

is at the focal point of the laser. The primary benefit of this arrangement is that

light emissions are not required to be directly imaged. With localized excitation,

all of the fluorescence emanating from the sample may be collected and mapped to

this single particular laser focal point in three dimensional space. A two or three

dimensional image is then constructed by scanning the laser focal point through the

sample, collecting all of the light from each focal point, and mapping the emitted

light to the corresponding positions in the image space. Other types of microscopy

have to either image the sample (which is blurry due to all of the out-of-focus exci-

tation and scattered emissions) or use confocal microscopy (which rejects all of the
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scattered emissions). With multiphoton microscopy, no excitation occurs outside the

focal plane. Therefore, there is no background fluorescence to degrade image contrast.

Further benefits of this arrangement include the reduced risk of photobleaching (de-

struction of the fluorophore) or photodamage (damage to the specimen) outside of

the focal region [4]. In some cases, a specimen may be imaged continuously for mul-

tiple hours without any noticeable damage [5]. However, the risk of photobleaching

and photodamage within the focal region is not entirely eliminated. Multiphoton mi-

croscopy studies should still take precautions to optimize and reduce the excitation

intensity by understanding the effects and limits of the specific biological system un-

der investigation, as well as by reviewing procedural considerations such as blanking

the laser when image data are not being collected.

As an additional benefit of multiphoton microscopy, given that there is no out-of-

focus absorption, more of the excitation light penetrates through the specimen to the

focal plane, leading to greatly increased sample penetration compared to other forms

of microscopy [6]. However, the maximum imaging depth depends on the properties

of the tissue sample, the efficiency of the fluorophore, and the properties of the micro-

scope optics. Furthermore, the simplified optical configuration of multiphoton micro-

scopes coupled with the ability to excite multiple types of fluorophores with a single

excitation wavelength enables scientists to construct color (multi-channel) images just

as easily as grayscale (single-channel) images. As the name implies, single-channel

data sets contain only one channel of data acquired from a single probe injected into

the specimen. On the other hand, multi-channel data sets contain multiple chan-

nels of data, corresponding to the fluorescence of multiple probes introduced into the

specimen, collected simultaneously by many photomultiplier detectors.

1.2 Current Challenges

Quantitative microscopy requires the ability to quantify signals in defined struc-

tures, necessitating the use of image segmentation. Image segmentation refers to the
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process of partitioning an image into two or more regions. More precisely, image

segmentation is the process of assigning a label to every pixel in an image such that

pixels with the same label have similar visual characteristics. Visual characteristics

used with image segmentation may include color, intensity, texture, or some other

computed value. All of the pixels in a particular region are similar with respect to

one or multiple visual characteristics, while pixels belonging to adjacent regions are

significantly different with respect to the same characteristics.

Image segmentation is typically used to locate objects and boundaries in images,

usually defined by edges. Its goal is to produce a new image representative of the

original image that is easier to analyze and understand. Image segmentation has

a variety of applications to solve a wide range of problems. For example, medical

imaging uses image segmentation to better understand characteristics of biological

tissues. Tasks such as locating tumors, computing tissue volumes, and determin-

ing anatomical structure have all previously taken advantage of image segmentation

techniques.

Automated methods for quantitative microscopy are still highly underdeveloped.

This primarily reflects the lack of image analysis tools suited to the unique proper-

ties of microscopic image sets. The image data sets presented in this work contain

many unique characteristics that make analysis challenging. Microscopy volumes are

inherently anisotropic, with aberrations and distortions that vary in different axes.

Additionally, with three dimensional data sets, image contrast decreases with depth

in biological tissues. This contrast decrease aggravates a general problem of fluores-

cence, which characteristically has low signal levels [7], consisting of as little as a

single photon.

Images with severely low contrast are typically difficult to segment. The intensity

and contrast of all fluorescence microscopy images are limited by the number of pho-

tons that can be stimulated from the sample. Methods to increase contrast during

image acquisition and before offline image analysis have drawbacks and caveats. For

example, the number of captured photons can be increased by extending integration
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time. However, this limits temporal resolution. Secondly, image contrast can be im-

proved by limiting magnification so that emissions from a larger area are captured by

the detector element. This comes at the expense of limited spatial resolution. Thirdly,

increasing illumination levels improves image contrast, but has limited benefits and

incurs sample damage and fluorophore photobleaching. Lastly, increasing detector

gain improves image contrast, which consequently also increases electronic sources of

noise.

Adding to the difficulty of segmentation, objects desired to be segmented from

microscopy image sets typically have poorly defined edges. Object boundaries are

not composed of rigid continuous edges; instead noise, low image resolution, and the

dynamic nature of biological tissues contribute to creating sparse edges along with

irregular and inconsistent patterns within objects as tissue is not homogeneous. Addi-

tionally, image resolution is considered poor compared to non-biological applications

of image processing. During image acquisition, spatial resolution can be increased

at the expense of image capture speed (temporal resolution). However, high image

capture rates are necessary to image dynamic biological structures. Therefore, a com-

promise must be reached in the trade-off between spatial and temporal resolution. All

of these characteristics contribute in making segmentation and rendering results very

sensitive to small changes in parameters. This causes inconsistent and unpredictable

results, leading to the failure of typical image analysis methods [8].

As previously described, both single- and multi-channel data may be acquired

using multiphoton microscopy. When viewing multi-channel data sets, the colors

displayed are not due to the biological structures truly being the color shown, but

are an approximation. More precisely, each channel is captured via band-pass filters

that aggregate a range of wavelengths into one of the three image color channels.

For example, emissions from 500–550 nm may be captured via a band-pass filter and

depicted as the green channel in the composed image. Unfortunately, channel iso-

lation is imperfect and crosstalk often occurs among the channels [9]. For instance,

biological structures that appear in one particular channel may appear in the re-
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maining two channels with reduced intensity. This channel crosstalk effect reflects

the fact that the emission spectra of all fluorophores extend into a long tail across

long wavelengths (in the red area of the spectrum). Each type of fluorophore has an

associated wavelength emission profile for the fluorescence it gives off. However, the

fluorescence from multiple fluorophores may have overlapping wavelengths such that

the band-pass filters are unable to isolate the fluorescence perfectly. More specifically,

a fraction of the emission of a “blue” fluorescing fluorophore will be collected in the

green channel, and a fraction of the emission of a “green” fluorescing fluorophore will

be collected in the red channel. This effect is exacerbated when a particular channel

becomes saturated. For example, if the fluorescence in the green channel reaches its

saturation limit, the red channel will appear to have an increased crosstalk effect.

As previously mentioned, multiphoton microscopy more easily allows the imaging

of living animals. This exciting form of microscopy is known as intravital microscopy.

Intravital microscopy is unique because it is able to image dynamic processes such

as intracellular transport, cell migration and motility, and other cellular interactions

and metabolic activities, which all advances knowledge about clinical diagnosis and

treatments [5]. Combined with multiphoton microscopy, intravital microscopy is a

technique that facilitates imaging hundreds of microns into biological tissues at sub-

cellular resolution [10].

Intravital multiphoton microscopy is used to collect not just single images, but a

series of images, both in time-series and in three dimensions. With the imaging of

living specimens, motion artifacts are introduced into the scene as a result of factors

such as respiration and heartbeat. This introduces distortions such as translations

and warping into the images, degrading image quality. Amounts of sample motion

that are acceptable for lower-resolution techniques are intolerable in multiphoton

microscopy, whose sub-micron resolution is completely ruined with even the slightest

motion in the tissue. These factors further contribute to the difficulty of automated

quantification of intravital microscopy images.
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To acquire an image or volume, a laser is focused and raster scanned across the

sample. However, to gather enough detail in a three dimensional volume, data collec-

tion may often require 10 or more minutes. This lengthy data acquisition duration,

coupled with the raster scanning property of the microscope to create the image data,

gives rise to the presence of motion artifacts. Since the respiratory rate of a mouse is

approximately 160 breaths per minute and its heart rate is approximately 600 beats

per minute, intrascene distortions will inevitably be experienced with a frame rate of

only approximately 1 frame per second. This relatively slow frame rate, combined

with the secondary effect of raster scanning, all but guarantees the presence of motion

artifacts.

Correcting these distortions will require a combination of rigid and non-rigid im-

age registration techniques. Image registration involves matching two or more images

acquired at different times, from different sensors with different resolutions or di-

mensions, or from different viewpoints/perspectives [11]. Image registration refers to

the process of transforming and aligning all the images in the data set into a shared

coordinate system, a condition aiding in future image analysis. The process is often

described as finding an explicit function that performs a backward mapping of a tar-

get image onto a source image [12]. This is necessary so that all images in the data

set can be compared against a common set of measurements or specifications.

Motion artifacts occur in the imaging of cultured cells, but manifest themselves

only as orthogonal translations, which are easily corrected with rigid registration tech-

niques. Intravital microscopy has the additional issue of intrascene motion, requiring

the use of non-rigid registration. For stable tissues such as the brain, motion artifacts

may not be an issue in imaging. For less stable tissue, motion artifacts can be mini-

mized to some extent by immobilizing the organ. In many cases, these approaches are

sufficiently effective to facilitate high-resolution multiphoton fluorescence microscopy

of the kidney [9, 13, 14], the liver [15, 16], and even the lung [17]. However, these

methods are by no means foolproof, so that imaging studies are frequently plagued

with residual motion artifacts.
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1.3 Current Methods for Analysis of Microscopy Images

Although traditionally used as an observational tool, intravital microscopy has

developed into a powerful new method in biomedical research. It has led to more

robust and comprehensive quantitative methods with the development of innovative

digital imaging and image analysis techniques. For example, various light microscopy

imaging techniques have been developed in nephrology. A review of many of these

techniques is presented in [18] where their advantages, imaging properties, and limita-

tions are discussed. When combined with digital image analysis, intravital microscopy

is capable of quantifying physiology and structure at a cellular and subcellular level.

For example, intravital multiphoton microscopy has been used to obtain unique in-

sights into the in vivo cell biology of the brain [19,20], the immune system [21–23], and

cancer [24–26]. Intravital microscopy also has a long history of productive application

to visceral organs, such as the liver [27, 28] and the kidney [29,30].

Physical and optical properties of fluorescence microscopes distort image data to

varying degrees. The majority of the distortion can be modeled in the point-spread

function (PSF) of the microscope. This PSF is the three dimensional convolution

of a point source object by the microscope objective. The PSF is defined by how a

microscope system images a point source and how the lens spreads the signal along

all three axes. The PSF in a well-corrected system typically resembles an hourglass

shape elongated along the z-axis. A non-ideal PSF results in decreased image contrast,

edge detail, and signal-to-noise ratio. Authors in [31] describe multiple deconvolution

methods for three dimensional fluorescence microscopy images to reverse the effects

of the PSF and restore the original image data. With knowledge of the PSF, decon-

volution may be accomplished using information from neighboring or all focal planes

in the volume. However, this task is often ill-posed as little or no information about

the PSF or the imaging system is available. So-called blind deconvolution techniques

estimate the PSF during the deconvolution process, usually through an iterative pro-
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cedure. However, others [32] have pointed out that deconvolution is not necessarily

helpful in improving image quality, depending on the goals of the study.

Following image pre-processing techniques such as deconvolution, several meth-

ods have been proposed in attempts to perform automated segmentation of cellular

structures in microscopy images. Methods proposed in [33] introduce how to extract

useful feature information from vast amounts of microscopic image data. Alternative

methods take into account and rely on a priori information, such as the shape of

the objects to segment. For example, methods proposed in [34] segment cell nuclei

in confocal microscopy images with a circular structure based on a priori knowl-

edge. Along with a priori shape information, the authors combine techniques such

as dynamic programming and polar coordinate representation of objects. Methods

in [7] use active contours and a priori information to segment and track cells by con-

straining cell volume to remain approximately constant (by minimizing a piece-wise

constant energy function that includes terms that penalize the variance of the inten-

sity inside and outside the boundary as well as a regularization term that penalizes

total boundary length). Similarly, authors of [35] borrow the concept of active con-

tours, but migrate from the notion of a contour to one of a mask to segment clusters of

nuclei in microscopy images. In [36] and [37], a combination of thresholding and wa-

tershed segmentation is used to segment nuclei in time-lapse fluorescence microscopy

images. This was followed by a scheme to refine the segmentation to merge nuclei

that were perhaps misidentified as separate nuclei, and to also split nuclei that were

perhaps misidentified as a single nucleus. After segmentation, cells were classified

either using a K-nearest-neighbor (KNN) classifier or a continuous Markov model for

cell phase identification. Thus, this method utilized a wide breadth of techniques for

segmentation and classification.

The work in [8] describes chromosome feature extraction by using a Kohonen self-

organizing feature map and a neural network. This was motivated by the desire to

represent confocal microscopy images of chromosomes using a set of robust features,

and to classify these images based on similar features. Methods proposed in [38] seg-
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ment confocal microscopy images of neurons and dendrites by identifying edges via

a multi-scale wavelet edge detection technique [39]. The method aims to overcome

challenges such as large variability in object size, large variations in image contrast,

and unequal fluorescence. The work in [40] uses a Bayesian framework and Gaussian

Markov random fields to segment confocal microscopy images and identify nuclei in

cancerous tissues. Their goal is to quantify nuclei size and nuclei-to-cytoplasm ratios

for cancer studies. Methods proposed in [41] attempt to perform completely auto-

mated segmentation of confocal microscopy images by using fluorescence distribution

patterns and statistics on pixel intensity. The authors point out that this method

has the advantage of not requiring prior knowledge about the shape, size, or quantity

of objects desired to be segmented. Instead, only prior information regarding the

statistics of the data and pixel intensities being collected are necessary.

Overcoming the challenge of properly segmenting densely clustered cell nuclei is

an ongoing issue. Several techniques have been developed to address cell splitting

or separation, particularly for overlapping nuclei. For example, in [42], the authors

developed a cell-tracking method for use with fluorescence microscopy. Level-sets are

used to create an initial segmentation. In dense populations where cells are touching

or overlapping, cell boundaries are approximated by a straight line that has the min-

imum average intensity. Alternatively, in [43], the authors developed a method for

automatic segmentation of cell nuclei in histopathology images. An initial segmen-

tation is obtained through the use of graph-cuts and a Laplacian-of-Gaussian (LoG)

filter. Cell clusters are divided using a watershed transform along with minimizing an

energy functional consisting of image gradient terms. Additionally, methods proposed

in [36] identify and segment overlapping cells using a watershed technique with a post-

processing merging step to overcome over-segmentation. Likewise, methods proposed

in [44] also utilize watershed techniques to segment cell nuclei, but use specialized and

controlled marker/seed selection. Meanwhile, using the assumption that the centers

of nuclei are brighter or darker than nearby regions, authors in [45] segment touching

and connected nuclei in three dimensional microscopy volumes. They accomplish this
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using gradient flow tracking combined with an elastic deformation and local adaptive

thresholding. Recently, authors in [46] have used the spikes of the outer medial axis

of cells to detect and split touching cells. The work is based on the assumption that

a cell is generally a convex object with an elliptical shape. In contrast, cells that are

touching each other form boundary locations between the cells that are concave.

As previously described, since intravital microscopy image sets are obtained from

living specimens, motion artifacts are introduced into the scene as a result of factors

such as respiration and heartbeat. It has been demonstrated that using registration

schemes can aid with segmentation, especially with volumetric data [47]. Therefore,

using image registration as an intermediate or prerequisite step in image quantification

and segmentation has been shown to be a very powerful approach in analyzing medical

images.

Registration is often used in clinical settings with a wide variety of applications.

For example, it is useful for reducing motion artifacts from patient motion, aligning

patient data to an atlas (a standardized anatomical reference image whose intention

is to be applicable for most patients), assisting with disease diagnosis and monitoring

disease progression (such as cancer), and measuring anatomical variants between

patients or among a population [48]. Additionally, information gathered from multiple

imaging modalities is often complementary [49]. For instance, magnetic resonance

imaging (MRI) is able to provide imaging of internal organs and soft tissue using non-

invasive procedures and without exposure to ionizing radiation. At the same time,

computed tomography (CT), positron emission tomography (PET), single photon

emission tomography (SPECT), and MRI all provide separate but related and useful

data.

Innovations are continuously being made in all aspects of registration. Some

authors are proposing unique similarity metrics [50]. The work proposed in [51] uses

a transformation model in the frequency domain, rather than the spatial domain, for

use with three dimensional electron microscopy images of particles. The combination

of both segmentation (using active contours) and registration (to remove jitter) has
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been shown to be successful with tracking leukocytes in vivo in intravital microscopy

videos [52]. Recently, work proposed in [53] uses non-rigid registration to decouple

two types of motion relating to nuclei imaged using time-lapse microscopy: motion

of the entire cell, and motion of the subcellular particles. Lastly, some are concerned

about and making progress toward reducing computational complexity [54].

There exists much controversy over image analysis methods regarding multiphoton

microscopy. Some argue [55] that user interaction is best suited since no automated

procedure can truly reproduce the accuracy of a human in correctly identifying indi-

vidual cellular objects. The authors of this work utilize dynamic programming and

user-selected starting points to segment fluorescence images of whole cells and cell

nuclei for the purpose of quantifying cell morphology, distribution, and organization.

While the entire technique is not completely manual, it requires at least a manual in-

put of an initial seed value or starting point. Additionally, several authors have based

their image registration schemes on manually selecting landmarks [56–58]. Landmarks

anchor and influence the transformation/deformation at specific locations within the

images. Landmarks may be either hard landmarks where the registration will match

at the landmark points exactly, or soft landmarks where their location is included in

the computation along with other similarity and regularization terms such that they

may not have an exact match after registration. Finding an optimal relation between

images given specified landmarks is described as NP-hard, and therefore heuristics are

often used to make the matching process practical [59]. Other authors have created

semi-automatic methods by mixing the use of landmarks combined with contributions

from image intensities [60]. However, this quickly becomes impractical as the number

of images in a stack approaches hundreds of images. Therefore, others [40] argue that

a completely automated process is necessary to obtain quantitative, objective, and

repeatable results. User interaction causes varying results for identical input data sets

which may be unacceptable in certain applications. Identifying landmarks in medical

images requires expertise, which may be unavailable or impractical given the amount

of data to undergo registration. Therefore, automatic image segmentation and regis-
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tration is absolutely necessary for the quantification of multiphoton microscopy image

sets, whose size and complexity make manual image analysis impractical [61].

Not only is the actual procedure of image registration challenging, but so is the

evaluation of registration results. In a clinical setting, ground truth data (knowledge

of the true registration parameters) are often unknown. The work proposed in [62]

instead generates gold-standard data, where the true misalignment of the objects be-

ing imaged is fully known by using manual deformation. Authors in [63] develop a

protocol to evaluate various similarity metrics based on accuracy, robustness, capture

range, and risk of local minima/maxima. They test their protocol using both clini-

cal data and phantom data where gold-standard registration parameters are known.

Meanwhile, authors in [64] validate the effectiveness of non-rigid registration using

both in vivo and simulated brain MRI data, measured by both maximum and average

difference of deformation fields. Alternatively, some [65] have validated a registration

method by comparing it to the results from previous registration methods. Validation

may also be accomplished through the use of extrinsic markers (markers attached to

or implanted in the object/specimen) or intrinsic markers (landmarks associated with

natural anatomical features).

1.4 The Problem Formulation

This work describes a method to analyze multiphoton fluorescence microscopy

images via a combination of segmentation and registration methods. Motivation for

the development of this work is provided by the desire to address a set of mensuration

problems in multiphoton fluorescence microscopy images. Intravital microscopy is a

powerful technique for studying physiological processes in the most relevant context—

in the living animal. However, developing assays of physiological function will require

developing novel methods of digital image analysis that will support quantitative

analysis. For example, biologists are interested in quantifying the number and size of

cells and their progression, especially for cancerous tissues. Knowledge of the shape,
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size, and motion of biological structures may aid in understanding and developing

solutions for human and non-human diseases. Gaining this knowledge often requires

the analysis of microscopy image sets and using segmentation methods to identify

and separate relevant biological structures. Insofar as accurate image segmentation

is prerequisite to quantitative analysis of time-series and volumetric image data, the

development of effective methods of image registration is fundamentally important

to realizing the potential of intravital microscopy as a tool for understanding and

treating human diseases. While image segmentation and registration share many

common interests, they are often treated as completely separate fields [66]. Instead,

this work integrates the two fields into a method that complements each another.

While there are many different kinds of multiphoton fluorescence microscopy im-

ages, this work focuses on the analysis of two distinct types of data whose segmen-

tation and quantification are affected by motion artifacts. With the development of

optical sectioning techniques, it is now possible to collect image volumes in biological

tissues and thus characterize biological structures in three dimensions. Therefore, one

data set type consists of a progression of images corresponding to focal planes looking

deeper in the tissue. This data set type is commonly referred to as “z-series” data,

as the z-axis typically corresponds with depth. The other data set type consists of

a progression of images corresponding to a series of time instances of a single focal

plane. This data set type is commonly referred to as “time-series” data.

The general goal of this work is to segment and register a sequence or “stack” of

multiphoton fluorescence microscopy images. Regarding z-series or three dimensional

data sets (images consisting of progressive tissue depths), the images are acquired

sequentially at various (known) depths across a three dimensional sample of tissue.

Regarding time-series data sets, the images are acquired sequentially at evenly spaced

time intervals across a single focal plane. Despite the distinct difference between these

two modes of image acquisition, the two data set types share a set of common analysis

goals and challenges [67].
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Furthermore, since the image sets may be collected from living specimens, move-

ment between images may be significant due to specimen motion during acquisition.

Therefore, registration will be necessary to correct these movements between images.

Registration is expected to improve segmentation performance and improve future

quantification. However, any image registration methods we develop will need to be

used judiciously when used with either three dimensional or time-series data. With

regard to time-series data, motion will arise from one of two sources—motion arising

from intrinsic cellular and subcellular processes where structures may truly have ex-

hibited motion relative to other structures, and motion arising solely from extrinsic

factors such as respiration and heartbeat. Both types of motion will manifest them-

selves as differences in each image collected in the time-series. The caveat is that

we wish to eliminate the motion from respiration and heartbeat while simultaneously

preserving the intrinsic differences and motion from cellular and subcellular processes.

This decoupling of the two sources of motion is obviously non-trivial. With regard to

three dimensional data, there will be expected differences between consecutive slices

within the image set as different tissue depths are being imaged and structures change

along the z-axis. Therefore, similar to time-series image sets, image registration must

be used judiciously to correct extrinsic image differences arising from respiration and

heartbeat while preserving intrinsic image differences due to imaging different tissue

depths.

1.5 Contributions of This Thesis

In this thesis, we developed segmentation and registration methods to address the

unique properties and characteristics of multiphoton microscopy images. The main

contributions regarding these segmentation and registration methods are as follows:

• We combined well-established image analysis techniques in a novel and unique

fashion to create integrated segmentation and registration methods for mi-

croscopy images. In particular, we utilize a Bayesian estimation technique
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for denoising, low-pass filtering to provide blurring, adaptive thresholding to

produce binary images, and morphological filtering for post-processing.

• We extend registration methods to handle challenges imposed by multiphoton

microscopy. Microscopy images are often collected as entire data sets of images.

While typical image registration methods may operate with just a single pair

of images, we extend the methods and utilize registration with an entire data

set often consisting of hundreds of images. Furthermore, these data sets of-

ten contain multi-channel color images. Traditional registration often assumes

grayscale images. Therefore, we develop a metric for color images so that reg-

istration may be performed on these data sets.

• We borrow techniques from video compression, specifically motion estimation

and compensation, and use this as a validation tool for our registration methods.

Due to the lack of ground truth data, an effective validation method is necessary

to quantitatively evaluate our registration results.

• We modify a three dimensional active surface segmentation method to better

handle the characteristics of microscopy volumes. In particular, we reduce and

simplify terms contained within the cost function and utilize pre- and post-

processing techniques to reduce the interference caused by image noise.
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2. INTEGRATED SEGMENTATION

AND REGISTRATION

The motion of particular cellular objects may be exaggerated by specimen respira-

tion and heartbeat. By introducing an approach combining registration along with

segmentation, motion artifacts within the scene may be reduced. As a result of the

analysis described in this chapter, changes in shape, size, and motion of cellular

structures may then be better visualized.

The proposed analysis system is shown in Figure 2.1 [68]. First, each image in

the image stack is denoised via a Bayesian estimation technique [69]. Each image

is then low-pass filtered to provide some local blurring and is subsequently spatially

registered. One dimensional smoothing along the vertical (depth/time) axis after the

images have been aligned is then performed. This is followed by adaptive thresh-

olding to produce a binary image. Finally, the segmentation mask is filtered using

morphological techniques. This new mask is then used to segment each image.

2.1 Maximum a Posteriori Filtering

The first step in this approach is a denoising filter. Specifically, this filter is a

maximum a posteriori (MAP) filter [69] which takes advantage of the known char-

acteristics of the noise. Due to the photon-counting nature of the image acquisition

process, photon noise is known to predominantly have a Poisson distribution [70].

By utilizing this additional information about the characteristics of photon noise,

cellular objects become more well-defined, enhancing the performance of the segmen-

tation process to follow. Figure 2.2 shows the effects of the filter on an example image

consisting of kidney nuclei.
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Fig. 2.1.: Block diagram of our proposed analysis system

(a) Original image (b) MAP filtered image

Fig. 2.2.: Maximum a posteriori filtering of example image

2.2 2-D Spatial Low-Pass Filtering

After denoising, each image is then low-pass filtered to provide local blurring using

a 3 × 3 low-pass filter with impulse response:
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0.2 if (m,n) = (0, 0)

0.1 if |m| or |n|= 1

0 else

(2.1)

Our experiments have shown that this blurs the image so that segmentation is

more robust. The blurring process mitigates noise remaining in the image after the

Bayesian denoising filter is used. A similar approach was adopted in [32]. It is believed

that blurring traditionally reduces segmentation performance, as object boundaries

become less well-defined. However, object boundaries in our images are poorly de-

fined in the sense that they are not composed of rigid continuous edges. In this case,

blurring the objects improves the segmentation by creating more well-defined contin-

uous boundaries in contrast to ill-defined sparse boundaries. The coefficients of this

filter were selected empirically.

2.3 Registration

Optical microscopy image sets may be obtained from live specimens via a tech-

nique known as intravital microscopy. These studies frequently involve collecting a

series of images, either for characterizing three dimensional volumes of the specimen

or for studying biological processes in time-series. These image volumes are compro-

mised to varying degrees by motion artifacts resulting from factors such as respiration

and heartbeat. These factors change the position and shape of the sample volume such

that sequential images are not registered with one another. These motion-induced

artifacts can be addressed through the use of image registration, which aligns the

images (spatially and/or temporally) so that they all share a common coordinate

system, a condition aiding in future image analysis.

Since registration is an in-depth topic itself, registration is described in detail in

Chapter 3. The following sections in this chapter finish the image analysis following

the registration described in Chapter 3.
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2.4 1-D Low-Pass Filtering

Up to this point in our processing methods, any information about the current

image that is contained in previous and/or future images has not been utilized. If

a particular object was segmented in the previous image, it is highly likely that this

same object should also appear and be segmented in the current image. We observed

in our images, particularly for z-series data sets, that the intensity of a specific pixel

related to an object of interest, as a function of depth (image number), starts out low,

increases as the dye concentration in the object of interest increases in the current

focal plane, peaks, and then decreases as the object fades away. However, noise

interferes with this expected behavior, as seen in Figure 2.3(a), which displays an

example of the pixel intensity as a function of image number. For example, within

the large distinct peak, there exists a momentary sharp decrease in pixel intensity

below the noise floor, such that using a simple static thresholding technique to address

this issue would not suffice. With the noise inducing sharp discontinuities in pixel

intensity, objects segmented in the current image may disappear in the next image,

then reappear in the following image. Therefore, to address this effect and restore the

expected behavior of a pixel’s intensity as a function of image number, a 1-D low-pass

filter is used across the images. The filter is given by:

Tn =
1

4
In +

1

2
In−1 +

1

4
In−2 (2.2)

where Tn denotes the n-th filtered image corresponding to the n-th input image In

and its two preceding images In−1 and In−2 respectively. Only three images have

non-zero coefficients because including more than three images in the filter is illogical

due to the physical dimensions of the images. Particularly for z-series data sets, the

resolution for the z-axis is approximately three to five times less than the resolution for

the x- and y-axes [71,72]. This is a characteristic of the image acquisition system that

cannot be modified. Therefore, including more than three images in the filter may

include data beyond the boundaries of objects in the current image. The coefficients



23

0 10 20 30 40 50 60 70 80 90 100
0

20

40

60

80

100

120

140

160

180

(a) Pixel values before 1-D filtering
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(b) Pixel values after 1-D filtering

Fig. 2.3.: Pixel intensity vs. tissue depth

of this filter were selected empirically. The filter is chosen so that the system remains

causal to aid in consideration of future low-latency real-time implementations. The

largest coefficient is chosen to correspond with the first previous image. Therefore,

the system will have a time delay of one image. For images at the beginning of the

sequence, where not all of the two previous images are available, the n-th filtered

image is obtained by:

Tn =
1

2
In +

1

2
In−1

Tn = In

(2.3)

The filtered intensity profile corresponding to Figure 2.3(a) is shown in Fig-

ure 2.3(b). We observed that if consecutive images have significant movement or

displacement, then any analysis following the 1-D filtering fails. This is because the

relationship between image number and pixel intensity shown in Figure 2.3 is no

longer valid. Therefore, this motion must be corrected using registration before the

1-D filter.
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2.5 K-Means Threshold

After filtering and registration followed by additional filtering, a thresholding ap-

proach is implemented to detect whether an object should or should not be seg-

mented. Using a static threshold obtained subjectively may work for a given specific

data set, but would not be adaptive to other data sets. Therefore, K-means is used to

adaptively determine a threshold to generate binary images to serve as segmentation

masks [73]. The algorithm was executed with K = 2 for two groups, producing a

binary image. The objective here is to generate image-dependent thresholds, whereby

binary segmentation masks can be constructed. The obtained threshold clusters each

pixel from every image into one of two classes, segmented and unsegmented objects.

K-means is an iterative method that performs thresholding based on the image

histogram. In each iteration, the average of the foreground and background class

means were used. These are defined as:

mb(Tn) =
Tn
∑

g=0

gp(g)

mf (Tn) =
G
∑

g=Tn+1

gp(g)

(2.4)

where mf and mb are the computed means for the foreground and background re-

spectively, Tn is the value of the threshold (initialized to 256/2), p(g) is the value of

the histogram for the intensity g, and G is the maximum intensity possible (generally

255 for 8-bit images). After the means are estimated, a new threshold is obtained as:

Tn+1 =
mf (Tn) +mb(Tn)

2
(2.5)

Finally, the K-means iterations stop once |Tn − Tn−1| < α (with α = 1 chosen to

obtain close convergence). All images in every data set analyzed required less than

ten iterations.
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Each binary mask was initially obtained by setting all pixels whose values fall

below the image’s corresponding threshold to zero, and those whose values are greater

than or equal to the threshold to 255. We observed that the threshold does not change

drastically between consecutive images. Therefore, K-means does not have to be used

for every image, rather only when there is significant motion or signal attenuation

with increasing depth.

2.6 Morphological Filtering

Upon examining the resulting binary segmentation masks, we observed that they

often contained small black holes inside objects and small white objects in the back-

ground. To remove these isolated objects, several morphological filters were used [74].

First, a binary morphological opening with a flat, square 7 × 7 structuring element

was used to remove small objects. Next, a morphological closing with a flat, square

4 × 4 structuring element was used to remove small holes. The sizes of these struc-

turing elements were selected empirically. This resulted in the final binary masks

used to segment the original images.

2.7 Binary Masking

After the morphological filtering, from these binary images, the final output images

are created. For black pixels in the binary image, the corresponding pixels in the

output image remain black. For white pixels in the binary image, the corresponding

pixels in the output image are restored to the corresponding pixels in the original

image. The binary image acts as a segmentation mask for the original image:

F (m,n) = B(m,n)O(m,n) (2.6)

where O is the original image, B is the corresponding binary mask, and F is the final

segmented image.
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Fig. 2.4.: User adjustable parameters in block diagram

2.8 User Adjustable Parameters in Proposed Approach

The proposed approach has completely automated the image analysis of all data

sets. However, user interaction may be introduced to modify certain parameters of

the analysis. Specifically, in the proposed approach, the following five components of

the block diagram shown in Figure 2.1 may be modified by the user: 2-D spatial low-

pass filter, registration, 1-D low-pass filter, thresholding technique, and morphological

filter. These parameters may be adjusted depending on specific input data sets to

produce more desired results. A diagram depicting these user adjustable parameters

is shown in Figure 2.4.

2.8.1 2-D Spatial Low-Pass Filtering

The simplicity of the 2-D low-pass blurring filter lends itself well to this appli-

cation. Other filters such as Gaussian smoothing [75] have a high computation cost

without necessarily producing improved results. One may perceive that an edge-
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preserving smoothing filter would improve results. However, due to the characteris-

tics of image noise, the edge-preserving filter will perform poorly, as edges of objects

are not well defined in the original image data.

Additionally, the form of the 2-D spatial low-pass filter introduced previously was

selected experimentally. The coefficients and dimension of the filter may be modified

to produce slightly different blurring effects. A filter with impulse response:

h =























0.03 0.03 0.03 0.03 0.03

0.03 0.05 0.05 0.05 0.03

0.03 0.05 0.12 0.05 0.03

0.03 0.05 0.05 0.05 0.03

0.03 0.03 0.03 0.03 0.03























(2.7)

with h(0, 0) = 0.12 being the center element of the filter, has also shown to produce

acceptable results. If desired, the user may be allowed to completely specify and

adjust the form of the filter.

2.8.2 1-D Low-Pass Filtering

To avoid delays in the system, the 1-D vertical low-pass filter can be made non-

causal. This is possible if the entire series of images in a data set is fully available

before analysis is performed. The filter can now be given by:

Tn =
1

4
In−1 +

1

2
In +

1

4
In+1 (2.8)

where Tn denotes the n-th filtered image corresponding to the n-th input image In

and its preceding and succeeding images In−1 and In+1, respectively. Implementing

this filter requires analyzing all input images twice, once for the spatial low-pass filter,

and a second time for the 1-D low-pass filter. For images at the beginning and end

of the sequence, where the preceding or succeeding images are not available, the n-th

filtered image is obtained by:
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Tn =
1

2
In−1 +

1

2
In

Tn =
1

2
In +

1

2
In+1

(2.9)

Additionally, similar to the 2-D spatial low-pass filter, the form of the 1-D low-

pass filter introduced previously was also selected experimentally. The coefficients

and length of the filter, for both the causal and non-causal cases, may be modified to

produce slightly different smoothing effects.

However, the resolution of the capture device across the z-axis (tissue depth) is

approximately four times worse than the horizontal or vertical resolution contained

within a single image. As a result, voxels are not square, but instead are rectangular.

Therefore, a progression of images corresponds to a relatively large change in depth.

As a result, it may be undesirable for the 1-D low-pass filter to consider data from

slices more than one image away from the current image.

2.8.3 K-Means Threshold

Alternative thresholding techniques in addition to K-means may be considered.

A very popular binary thresholding technique is Otsu’s method [76]. To obtain a

threshold value, this method minimizes the weighted sum of intra-class variances of

foreground and background pixels:

σ2
w(k) = ω0(k)σ

2
0(k) + ω1(k)σ

2
1(k) (2.10)

where k is the current threshold, ωi are the weights or probabilities of the two classes,

and σi are the variances of the two classes. Minimizing the intra-class variance is

equivalent to maximizing the inter-class variance:

σ2
b (k) = ω0(k)ω1(k)[µ0(k) + µ1(k)]

2 (2.11)
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where µi are the means of the two classes. The final threshold k∗ is the value that

maximizes σ2
b (k). The straightforwardness and effectiveness of the Otsu thresholding

method makes it still one of the most popular thresholding techniques to date [77].

By replacing the K-means method with Otsu’s method, segmentation results re-

mained consistent while computational complexity was significantly reduced. There-

fore, Otsu’s method may be considered as a permanent substitution for K-means.

2.8.4 Morphological Filtering

The size and shape of the structuring elements used in the morphological filter

were also selected experimentally. By altering the size and shape of the structuring

elements for the opening and closing operations, the user can remove smaller or larger

objects, and remove smaller or larger holes, respectively, from the binary mask.

2.9 Summary of Experimental Results

We will demonstrate our integrated segmentation and registration method in the

beginning sections of Chapter 6. More specifically, we will show rigid registration

results followed by segmentation results in Section 6.1. These results will demonstrate

the effectiveness of our segmentation method for multiphoton microscopy image series

on a slice-by-slice basis. For particular data sets exhibiting channel crosstalk and

lack of channel isolation, we will describe a pre-processing method in Section 6.2 to

mitigate these factors. Lastly, to give readers insight into how each step in the block

diagram shown in Figure 2.1 affects the analysis of each image slice, figures showing

the intermediate results following each step will be shown in Section 6.3.
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3. IMAGE REGISTRATION AND MOTION

ARTIFACT CORRECTION

Image registration is the task of finding a function that maps coordinates from a mov-

ing test image to corresponding coordinates in a reference image [12]. Medical image

registration often involves finding a mapping from a single image in one modality to a

single image in another modality. This is known as multi-modality image registration.

For example, it is commonly useful to register an image acquired using PET (positron

emission tomography) with an image acquired using MRI (magnetic resonance imag-

ing). Images from PET scans provide functional information such as bodily fluid

flow but generally have low resolution. In contrast, images from MRI scans provide

structural information and generally have higher resolution. Therefore, it is often de-

sirable to transform information obtained from multiple images into a single common

coordinate system, encompassing the knowledge available from all the various source

images [78]. Medical image registration is also commonly used to register two images

from a single modality, also known as mono-modality image registration. For exam-

ple, it is useful to register two MRI images acquired at different times to possibly

determine how body structures have evolved or shifted over time. Mono-modality

registration methods generally assume that pixels representing the same homologous

points on an object have the same intensity in both the reference and test images [79].

However, both mono- and multi-modal current registration methods generally con-

sider registering only a single pair of reference and moving images. Using medical

image registration on stacks containing hundreds of images is still an ongoing field of

research.

Image registration techniques can be classified in one of two groups: feature-based

or intensity-based [80]. Feature-based methods match contours or landmarks in the
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test image with the same features and points in the reference image. Features and

landmarks may be identified either manually, automatically, or semi-automatically.

Errors in automatic feature detection may cause catastrophic failure of feature-based

registration. In contrast, intensity-based methods use intensity values directly, assum-

ing that intensity values contain all information necessary for registration. Feature-

based methods are commonly associated with multi-modal image registration as cor-

responding points in the test and reference images are assumed to have different

intensities. Likewise, intensity-based methods are commonly associated with mono-

modal image registration as corresponding points in the test and reference images are

assumed to have the same intensity. Since manually selecting landmarks in a data set

consisting of hundreds of images is overburdening, and automatically selecting precise

landmarks in noisy, low-resolution images is difficult, we prefer to explore intensity-

based methods over feature-based methods, as was similarly argued in [81]. With

intensity-based methods, all image pixels are used in the registration computation,

effectively using all available information given in the image data.

A registration method consists of four primary components: a transformation

model, a similarity metric, an optimization procedure, and an interpolation method

[82]. The transformation model or mapping should be matched with the underlying

cause of the misalignment. The similarity metric should be one that is least sensitive

to image noise and best models image alignment. The optimization or search strategy

may depend on the image characteristics, such as whether gradient information or

edge detail is readily available or not. The choice of an interpolation method may

depend on computational complexity limitations of the system.

Here, we describe an image processing method that effectively corrects for motion

artifacts in sequences of intravital microscopy images collected in time-series or in

three dimensional volumes, based upon a combined rigid and non-rigid registration

technique. This image registration method will aid in future segmentation and other

image analysis techniques. In particular, the proposed image registration method

consists of two distinct components: a rigid registration component that corrects
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global translations, and a non-rigid registration component to correct localized, non-

linear motion artifacts [83]:

T(x, y) = Tnon−rigid (Trigid(x, y)) (3.1)

We will demonstrate that this registration technique is effective for correcting motion

artifacts in image sequences collected in time-series or in three dimensions.

3.1 Rigid Registration

Rigid registration preserves the distances between all pairs of points in both im-

ages [84]. This technique is first performed to correct global translations throughout

the image sequence before non-rigid registration so that the non-rigid process focuses

solely on localized motion rather than both local and global motion. The registration

technique we used was initially obtained from ITK1. A complete guide of this image

processing toolkit is presented in [85]. Registration within ITK requires several pa-

rameters to be specified. An extended description of these parameters along with an

overview of all components of the registration process can be found in [86]. All user ad-

justable parameters and their corresponding options for registration are presented in

Table 3.1, with the selected options used in this approach shown in bold. The partic-

ular registration parameters selected for this approach include a Neumann boundary

condition, where pixel values outside of the image boundary are given the values of the

nearest pixel within the image boundary. Additionally, registration is performed using

nearest-neighbor interpolation. Furthermore, an exhaustive search is not performed

to compute the optimal registration solution. Instead, several optimization methods

have been studied [87, 88]. Our registration implementation employs the well-known

quasi-Newton BFGS (Broyden-Fletcher-Goldfarb-Shanno) optimizer. This optimiza-

tion method greatly reduces computational complexity by estimating the Hessian

1National Library of Medicine Insight Segmentation and Registration Toolkit (http://www.itk.org)
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Table 3.1: ITK registration parameters

Parameter
Options Available
Option Selected

Boundary condition
Neumann

Constant padding
Circular

Error metric

Mean squared error

Normalized correlation
Mean reciprocal squared difference

Mutual information
Kullback Liebler distance metric
Normalized mutual information

Mean squares histogram
Correlation coefficient histogram

Cardinality match
Kappa statistics

Gradient difference

Optimizer

Amoeba
Conjugate gradient
Gradient descent

Quaternion rigid transform gradient descent
Limited memory minimization

Bounded limited memory minimization
One plus one evolutionary

Regular step gradient descent

Powell
Simultaneous perturbation stochastic approximation

Versor transform
Versor rigid 3D transform

Interpolator

Nearest neighbor

Bilinear
B-Spline

Windowed sinc

matrix rather than computing it directly. As a result, the error metric is evaluated

for only a small subset of all possible registered offset locations [86].
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The registration metric used was mean squared error:

(u, v) = argmin
(u,v)

{

M−1
∑

m=0

N−1
∑

n=0

(xi−1(m,n)− xi(m− u, n− v))2

}

(3.2)

where i denotes the current image number, xi−1(m,n) and xi(m,n) denote the pixels

at location (m,n) within the reference image xi−1 and moving image xi respectively,

and (u, v) denotes the obtained registration offset distances. A comprehensive com-

parison of metrics used in medical image registration is given in [89]. The mean

squared error metric is a common metric with a large capture radius [11]. In order to

register an entire stack of images, the moving test image was chosen to be the current

image, and the reference image was chosen to be the previous (unregistered) image.

If the registration of the current image in reference to the previous image is denoted

as r(xi, xi−1) = xi ◦ xi−1, the output of the registration process in terms of the first

image can be represented as a concatenation of all previous registrations:

r(xi, x1) = r(xi, xi−1) ◦ r(xi−1, xi−2) ◦ · · · ◦ r(x2, x1) (3.3)

as was similarly performed in [90]. This was found to greatly improve registration

performance instead of using the first image in the stack as the reference image, as well

as reduce the computational complexity and consequently the time required to analyze

the entire series. In fact, the current image may contain few of the same structures also

visible in the first image if the sequence has already significantly progressed into the

stack of images. This result was especially true for three-dimensional/volumetric data,

or image sequences corresponding with increasing tissue depth. Using a pre-selected

image in the stack as the reference image has undergone experimentation using time-

series data, or image sequences corresponding with increasing time instances, as the

same cellular objects are expected to be in view for every image in the sequence.

However, no noticeable improvement was observed.

If the system is not required to be real-time when the entire stack of images is

available, the system can be implemented using non-causal methods. In our rigid-
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registration approach, the output image size is unknown unless the maximum total

displacement due to registration is known. However, this information is not available

until the entire data set has been analyzed. For the system to be causal, an assumption

about the output image size must be made, and the placement of the first image in

the output image must be chosen. However, with a non-causal approach, the system

has the advantage of being able to analyze the entire data set before producing any

output images. After all images have been analyzed, the maximum displacement

across all images can be determined to set the output image size so that no source

images are truncated. For the sake of simplicity, we will assume the system is not

utilized in a real-time scenario, and is implemented using non-causal methods.

3.1.1 Color to Grayscale Conversion

Additionally, this registration method assumes grayscale single channel images,

not multi-channel images. Therefore, for multi-channel data sets, a particular channel

must be selected to perform registration on. Simply using one of the multiple channels

directly may be enticing due to its simplicity. However, using only one of the channels

and discarding the remaining channels omits much information which may cause

improper image registration in these discarded channels. There are many regions

in each image where a particular channel exhibits/contributes very little signal. As

a result, these regions are registered improperly. Therefore, perhaps contrary to

logical assumption, we have obtained results with higher registration accuracy using

a composite gray channel, Igray, that is similar to the luminance component of each

image. This new gray image used with our registration method is given as:

Igray =
r

r + g + b
Ired +

g

r + g + b
Igreen +

b

r + g + b
Iblue (3.4)
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where

r =
M−1
∑

m=0

N−1
∑

n=0

Ired(m,n)

g =
M−1
∑

m=0

N−1
∑

n=0

Igreen(m,n)

b =
M−1
∑

m=0

N−1
∑

n=0

Iblue(m,n)

(3.5)

and where Ired, Igreen, and Iblue denote the red, green, and blue components of the

input image x, respectively. Even though a linear combination of the three channels

has no biological significance, using gray composite images for registration has cor-

rected significantly more motion artifacts than using any individual channel for the

images that we have evaluated thus far, as the composite gray image contains and

uses information from the entire image. However, one can easily imagine situations in

which a particular channel might provide better registration results, as these results

will depend upon the particular data being analyzed. For each image, a final regis-

tration result based on the gray image is obtained. This registration result is then

used to transform all channels of the image.

When experimenting with a fixed linear combination, such as constructing this

gray level image by computing the luminance component of the image:

Igray = 0.2989 ∗ Ired + 0.5870 ∗ Igreen + 0.1140 ∗ Iblue (3.6)

this showed to be not as effective, as channels with large contributions to the overall

image were not weighted to impact the registration proportionally.
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3.1.2 Alternative Metrics

In addition to the mean squared error metric used, the following metrics have

been evaluated:

(u, v) = argmax
(u,v)

{

M−1
∑

m=0

N−1
∑

n=0

xi−1(m,n)xi(m− u, n− v)

}

(u, v) = argmin
(u,v)

{

M−1
∑

m=0

N−1
∑

n=0

|xi−1(m,n)− xi(m− u, n− v)|

} (3.7)

where xi−1(m,n) and xi(m,n) denote the pixels at location (m,n) within the refer-

ence image and moving image, respectively. Registration was performed using both

metrics, and the results were observed to be visually identical to those using the mean

squared error metric. If the reference images are binary, computation will be greatly

reduced using the first metric, where a logical AND operation is significantly faster

than a subtraction operation.

Furthermore, the use of mutual information as a metric has been evaluated [91].

This consisted of maximizing the following:

(u, v) = argmax
(u,v)

{MI(xi−1(m,n), xi(m− u, n− v))} (3.8)

where

(3.9)MI(x(m,n), y(m− u, n− v)) = H(x(m,n)) +H(y(m− u, n− v))
−H(x(m,n), y(m− u, n− v))

is the mutual information between x(m,n) and y(m−u, n−v), andH denotes Shannon

entropy [92]. The mutual information implementation from Mattes et al. [93] has been

used here. Results from the use of these metrics will be discussed in Section 6.1.
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3.2 Non-Rigid Registration

Thus far, this thesis has only introduced image registration that attempts to cor-

rect global translations. We will now attempt to address the motion artifacts and

non-linear distortions caused by respiration and heartbeat using non-rigid registra-

tion. In contrast to rigid registration, non-rigid registration maps straight lines to

curves [84].

Common image registration approaches are based upon a rigid frame translation,

but because of the slow frame rate of laser point scanning microscope systems, im-

ages collected from living animals typically have complex intrascene distortions that

are not corrected with rigid translations. In a scanning multiphoton fluorescence mi-

croscope, a two-dimensional image is assembled by sequentially scanning a series of

horizontal lines across a sample. Because of the method of scanning, adjacent pixels

are collected only microseconds apart in the horizontal direction, but are collected mil-

liseconds apart in the vertical direction. For this reason, motion artifacts frequently

appear in horizontal banding patterns. In fact, motion artifacts will be apparent at

any frame rate, differing only in their relative manifestation as distortions between

or within frames. Correcting these artifacts is significantly more challenging.

Previously developed and well-established registration methods may be used to

process stacks consisting of multiple images [94]. However, these methods imple-

ment an affine registration. Affine registrations account for transformations including

translation, rotation, scaling, and shearing. However, these transformations alone are

insufficient to register image sequences collected in vivo. The dynamic motion from

living animals introduced from respiration and heartbeat cannot be described with

an affine transformation.

Non-rigid image registration is considered slower, less robust, and less reliable

than rigid registration. Non-rigid registration is also often described as an ill-posed

problem. One may even argue that it is inherently impossible to register two images,

as the difference between the two images may contain the relevant and useful infor-
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Fig. 3.1.: Demons registration algorithm

mation [95]. Therefore, “over-registration” may be an issue. However, the gains in

image analysis from non-rigid registration far outweigh many of its pitfalls.

3.2.1 Demons Algorithm

Here, we will investigate an application of Thirion’s “demons” algorithm [96], an

iterative non-rigid registration method. The concept of demons is a thought exper-

iment originally introduced by Maxwell to demonstrate a thermodynamics paradox.

Assume a container is divided into two sections, A and B. A gas composed of two

types of particles, a and b, fill both sections of the container. Imaginary demons

guard the barrier between the two sections and are able to distinguish between the

two types of particles. The demons allow particles of type a to enter section A but

never come back to section B. Likewise, the demons also allow particles of type b to

enter section B but never come back to section A. Eventually, all particles of type a

will be in section A and all particles of type b will be in section B. Figure 3.1 illus-

trates this process [97]. This separation of particle types corresponds with a decrease

in entropy, paradoxically violating the second law of thermodynamics. However, the

paradox is solved because the demons must increase the entropy of the system to

correctly identify particles.
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In contrast to other more conventional non-rigid registration deformations, the

demons algorithm is a diffusion model rather than an attraction model. Attraction

models rely on the notion of distance, while diffusing models rely on the notion of

polarity of being inside or outside a boundary. In an attraction-based model, a point

P in the test image experiences a force or attraction by all points P ′ in the reference

image according to pre-defined similarity and distance metrics. A larger attraction

or force is typically the result of a larger similarity and smaller distance. However,

attraction-based models are known to have large computational complexity, as for

each iteration and for each point P , a large number of attraction points P ′ must be

considered. In contrast, the demons algorithm borrows concepts from optical flow,

whereby the intensity of a moving object is constant with time [97]:

~v · ~∇s = m− s (3.10)

where s is the intensity of point P in the static or reference image S, m is the intensity

of point P in the moving or test image M , and v is the displacement or optical flow

between the images of point P to P ′. However, this constraint is not sufficient to

define the velocity ~v. By including adjustments for regularization and normalization,

the optical flow equation becomes:

~v =
(m− s)~∇s

|~∇s|2+(m− s)2
(3.11)

The gradient of the static image, ~∇s, is an “internal” force representing the relation-

ship among the neighboring points within the image. The m − s difference term is

an “external” force representing the differential force of the interaction between the

static and moving images [98].

The concept of Maxwell’s demons is migrated to image processing by creating a

set of demons for the moving (or test) image, selected as either all of the pixels in

the image (one demon per pixel) or a subset of the pixels (contour points extracted

by edge detection or from prior segmentation). For simplicity and to utilize the
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information contained in the entire image, we assign a demon to every pixel in the

image. The method proceeds as follows: The deformation field is initialized as the

identity transformation. For each iteration, an instantaneous force for each demon

vertex in the grid is computed according to the optical flow equation previously

described. This will produce an irregular deformation field, which is then regularized

by a Gaussian filter with a variance of σ2. These two steps of finding the force

or displacement for every vertex or demon, and then regularizing the deformation

field, is repeated until convergence. The regularization is necessary because each

pixel in the image is free to move independently. It is possible that all pixels with one

particular intensity inM map to a single pixel having this same intensity in S, and the

resulting deformation field will be unrealistic [99]. This is one of the primary reasons

why non-rigid image registration is considered difficult, as an appropriate balance

and compromise must be reached between allowing large amounts of independent

movement and ensuring smoothness of the transformation.

3.2.2 Non-Rigid Registration Using B-Splines

The non-rigid registration technique described in the previous section produced in-

consistent results, which will be highlighted in Section 6.5.1. This is most likely due to

the image data containing noise with a Poisson distribution, as the demons algorithm

has been demonstrated to perform poorly with noisy images [100]. Therefore, we now

turn to an alternative non-rigid registration method to identify, address, and correct

localized motion artifacts caused by respiration heartbeat in sequences of intravital

microscopy images. Here, we investigate a non-rigid registration technique using B-

splines, a method that allows for easy visualization of the distortion and also leads

to realistically registered images. B-splines hold many attractive and mathematically

optimal properties [101]. For example, regarding interpolation, B-splines provide the

best performance while simultaneously providing the least complexity [102].
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This method, which is an extension of the work proposed in [103], deforms an

image by first establishing an underlying mesh of control points. The control points

are then optimized such that they maintain a smooth and continuous transformation.

To begin, a grid of control points, φi,j , is initially constructed with equal spacings

δx and δy between points, in the horizontal and vertical directions, respectively. The

non-rigid transformation T of a point (x, y) in the image being registered to the

corresponding point (x′, y′) in the reference image is given by the mapping T(x, y)→

(x′, y′) [104]:

T(x, y) =
3

∑

l=0

3
∑

m=0

Bl(u)Bm(v)φi+l,j+m (3.12)

where i = ⌊x/δx⌋ − 1 and j = ⌊y/δy⌋ − 1 are the indices of the nearest control point

φi,j above and to the left of (x, y), and u = x/δx − ⌊x/δx⌋ and v = y/δy − ⌊y/δy⌋

are such that (u, v) is the relative position of (x, y) relative to φi,j. Additionally, Bl

represents the l -th basis function of the B-spline [105]:

B0(t) = (1− t)3/6

B1(t) = (3t3 − 6t2 + 4)/6

B2(t) = (−3t3 + 3t2 + 3t+ 1)/6

B3(t) = t3/6

(3.13)

In contrast to many other non-rigid registration schemes, the registration of a point

in an image when using B-splines is only determined by the area immediately sur-

rounding the nearest control points, resulting in very localized deformations [104].

The optimal deformation of the grid of control points is found by optimizing a cost

function. This cost function includes two terms with two competing goals. The first

goal is to maximize the similarity and alignment between the reference image and the

image being deformed. The second goal is to smooth and regularize the deformation

to create a realistic transformation. The similarity metric, Csimilarity, may be defined
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as one of numerous possibilities, including sum of squared differences, sum of absolute

differences, or normalized mutual information, whichever may fit the particular image

set best. We use sum of log of absolute differences:

Csimilarity(I1, I2) =
1

XY

X−1
∑

x=0

Y−1
∑

y=0

log(|I1(x, y)− I2(x, y)|+1) (3.14)

where X and Y are the horizontal and vertical dimensions of the image in pixels,

respectively. While being an uncommon metric, our experiments have shown that

this similarity metric significantly outperformed any other metrics for our microscopy

image sets, both from a qualitative viewpoint (from visual inspection) and from a

quantitative viewpoint (using sum of squared differences to evaluate registration ac-

curacy).

As previously stated, in addition to the non-rigid deformation maximizing the

similarity between the registered image and the reference image, the deformation

must also be realistic and smooth. To constrain the deformation field to be smooth, a

penalty term that regularizes the transformation is introduced into the cost function

as [106]:

Csmooth(T) =
1

XY

∫ X

0

∫ Y

0

[

(

∂2T

∂x2

)2

+

(

∂2T

∂y2

)2

+ 2

(

∂2T

∂x∂y

)2
]

dx dy (3.15)

This regularization is necessary because each pixel in the image is free to move in-

dependently. In an extreme case, it is possible that all pixels with one particular

intensity in the moving image may map to a single pixel having this same intensity in

the reference image, causing the resulting deformation field to be unrealistic [99]. This

is one of the primary reasons why non-rigid image registration is considered difficult,

as an appropriate balance and compromise must be reached between allowing large

amounts of independent movement and ensuring smoothness of the transformation.

Also note that this smoothness constraint term is zero for any affine transformations,

and therefore only penalizes non-affine deformations [107].



44

Combining these two metrics, the total cost function is given as:

Ctotal = Csimilarity

(

I
′

n−1(x, y), In(T(x, y))
)

+ λCsmooth(T) (3.16)

where n denotes the current image number, I ′ denotes the registered image, and

λ is a weighting coefficient which defines the trade-off between the two competing

cost terms. To maximize image similarity after registration, and to minimize sharp

warping elements in the transformation T, we desire to minimize Ctotal. In our work,

we have defined Csimilarity to have decreasing value for increasingly similar images (i.e.

two identical images have Csimilarity = 0). This, coupled with the desire to minimize

sharp warping elements in the transformation T defined in Csmooth, we desire to

minimize Ctotal as well.

Similar to the rigid registration method, the non-rigid B-spline registration method

also assumes grayscale, single channel images, not multi-channel (multiple compo-

nent) images. Therefore, we use the same composite gray channel constructed previ-

ously to use with this registration method. More specifically, the resulting grayscale

image from the rigid registration method is used as the input image to the non-rigid

registration method. Then, for each image, a final deformation field based on the

gray image is obtained. This deformation field is then used to transform all channels

of the image. The combined rigid translation and non-rigid deformation obtained for

this grayscale image is used to transform all channels of the multi-channel image.

The choice of λ is not critical for low resolutions of the control point grid, how-

ever this term becomes more important for higher resolutions of the control point

grid [103]. This is because the B-spline model increases its ability to model more

localized deformations with increasing control point density, leading to the need for

more regularization.

However, the degree of deformation allowed is not only affected by the choice

of λ, but also by the choice of δx, δy. The resolution of the grid of control points

affects how readily Csimilarity may be minimized. A large, sparse spacing of control

points corresponds with a more global non-rigid deformation, which may not allow
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Csimilarity to reach values near zero. Alternatively, a small, dense spacing of control

points corresponds with highly local non-rigid deformations and more readily allows

Csimilarity to reach values near zero, but may also encourage more unrealistic defor-

mations [107]. In other words, a coarse control point grid will not be able to model

the deformation accurately. At the same time, a control point grid that is too dense

will overcompensate for true image differences and noise [108]. Therefore, the choice

of both λ and the grid spacing should be dependent on the image noise level, which

is associated with the confidence we have in the intensity relationship assumed by

our image similarity measure [109]. In our work, we have experimented with various

grid spacings, and have found that spacings that work well are highly dependent on

image size, the content of these images, and the degree of motion artifacts present

throughout the stack of images. As a result, grid spacing values are currently chosen

empirically.

Since intravital microscopy data sets consist of entire stacks of images, non-rigid

registration is performed on an image-by-image basis. In this case, for the current

image (or moving image), the reference image is not simply the prior image in the

stack. Instead, the reference image used is the registered or warped prior image.

This ensures that each image is warped only once so that images do not undergo

additional interpolation from multiple warpings. This is in contrast to the rigid

registration method previously described which corrected for translations. In the

rigid registration method, the moving or test image was the current image and the

static or reference image was the original previous image. A cumulative sum of the

incremental translations obtained from rigid registration is then used to register the

current image. Using this approach with the non-rigid registration method was shown

to produce very poor results. The cumulative sum of incremental deformation fields

created unrealistic final deformation fields. This is because the deformation field

is not necessarily twice continuously differentiable after the summation operation

(the deformation field is not regularized). Therefore, the current image, after it

has experienced rigid registration, is registered against the previous image that has



46

already undergone both rigid followed by non-rigid registration, ensuring that the

resulting deformation field is smooth, continuous, and realistic (properly regularized).

3.2.3 Multi-Resolution Approach to Non-Rigid Registration

We further extend our non-rigid registration technique using B-splines to use mul-

tiple stages in a multi-resolution fashion to further enhance image registration perfor-

mance [110]. It has been observed that some regions of the images being registered

may benefit from a coarse grid spacing, while other regions may benefit from a fine

grid spacing. Therefore, rather than using a single grid spacing for our control points,

we use a multi-resolution/multi-level approach in a coarse-to-fine strategy. Non-rigid

registration is first performed using a control lattice with a coarse grid spacing to

account for slowly changing deformations. Next, a control lattice with a finer grid

spacing is used to account for more localized and quickly changing deformations. The

registered images resulting from a coarse grid spacing are registered again using a fine

grid spacing. Additional non-rigid registration iterations using a control lattice with

increasingly finer grid spacings may be performed until the user achieves no further

improvement in image registration. We will show in Section 6.5.3 that this multi-

resolution approach is able to achieve more accurate matching between a registered

image and its reference image.

3.2.4 Correction for Three Dimensional Volumetric Data

Our procedure of registering a series of images on an image-by-image basis follows

the premise behind data sets collected in time-series. However, it does not necessarily

fully follow the premise behind data sets collected in three dimensions. In particular,

our method assumes that the same structures will be in the field of view for the

entire series of images. This assumption is correct for time-series data sets, but

is incorrect for three dimensional data sets as the focal plane changes throughout

the series of images. For this reason, one particular issue is that nuclei, which are
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naturally spherical in shape, become cylindrical after non-rigid registration. Here, we

modify and improve our non-rigid registration method using B-splines specifically for

use with volumetric data.

True three dimensional registration is not feasible in this situation. An entire

three dimensional volume is not being registered against a reference three dimen-

sional volume. Instead, the registration occurs on a slice-by-slice basis. Therefore, a

particular slice undergoing registration will not have information regarding the entire

three dimensional registration available. More specifically, for the registration of each

slice, the deformation grids for all slices ahead of the current slice have yet to be

computed. At the same time, the deformation grids for all slices behind the current

slice have already been computed. Therefore, we modify the smoothness constraint

in our registration method:

(3.17)

Csmooth(T) =
1

XY Z ′

∫ X

0

∫ Y

0

∫ Z′

0

[

(

∂2T

∂x2

)2

+

(

∂2T

∂y2

)2

+

(

∂2T

∂z2

)2

+ 2

(

∂2T

∂x∂y

)2

+ 2

(

∂2T

∂x∂z

)2

+ 2

(

∂2T

∂y∂z

)2
]

dx dy

where Z ′ is the current depth of the volume that has undergone registration thus far,

and will increase by one for each successive slice analyzed. For example, Z ′ = 1 for

the first slice in the volume analyzed, and Z ′ = Z for the last slice in the volume

analyzed. For each slice, no deformation grids behind the current slice are modified,

yet they are included in the computation of the deformation grid for the current slice.

Combining this new smoothness constraint into the overall cost function previously

introduced, the new cost function becomes:

Ctotal = Csimilarity

(

I ′n−1(x, y), In (T(x, y, Z ′))
)

+ λCsmooth(T(x, y, z)) (3.18)

This new smoothness constraint ensures that the deformation field is smooth in all

three dimensions despite registration being performed on a slice-by-slice basis. Even

though the transformation T is now three dimensional, all three dimensions are in-
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cluded only in the computation of the smoothness constraint, while only the two

dimensional slice of T is used in the computation of the similarity measure. We

will demonstrate in Section 6.5.4 that this modification to the smoothness constraint

for volumes acquired in three dimensions will help retain the true three dimensional

structure of cellular objects.

3.3 Summary of Experimental Results

We will demonstrate all aspects of our rigid and non-rigid registration schemes

throughout Section 6.4 and Section 6.5. More specifically, we will demonstrate that

rigid registration as described in Section 3.1 is able to successfully correct a sub-

set of motion artifacts (ones consisting of global translational motion), and will be

shown in Section 6.4 and the beginning of Section 6.5.2. When attempting to correct

more complicated motion artifacts, we will demonstrate that the demons algorithm

as described in Section 3.2.1 is insufficient and may exacerbate the issue, and will

be shown in Section 6.5.1. Instead, we will show that non-rigid registration using

B-splines as described in Section 3.2.2 significantly reduces motion artifacts. Results

demonstrating the effectiveness, robustness, and versatility of combined rigid and

non-rigid registration using B-splines will be shown in Section 6.5.2. For image data

sets where motion artifacts are noticeably intensified, we will demonstrate that our

multi-resolution approach to non-rigid registration using B-splines as described in

Section 3.2.3 successfully mitigates these intense motion artifacts, as shown in Sec-

tion 6.5.3. Lastly, we improve upon our non-rigid registration method using B-splines

particularly for three dimensional volumetric data as described in Section 3.2.4. We

will demonstrate in Section 6.5.4 that this improvement, despite further constrain-

ing the deformation, is able to sustain a high registration accuracy while also better

maintaining the original size and shape of three dimensional cellular structures.
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4. 3-D ACTIVE SURFACES

Here, we embark in a new direction and explore native three dimensional image

segmentation for use with volumetric data. Active contours and active surfaces are

segmentation methods with ongoing development and research. Their application

to medical image segmentation and microscopy has been no exception. We will be

using an active surface model to effectively identify cellular objects in sequences of

microscopy images.

4.1 Introduction to Active Contours and Active Surfaces

Two-dimensional active contour models, also known as snakes, are an image seg-

mentation method that iteratively evolves a curve toward object boundaries by mini-

mizing an energy functional derived from the image being segmented, subject to some

constraints. In the classical active contour models, let C(s) = [x(s), y(s)]T , s ∈ [0, 1]

be a parameterized curve in R
2. The energy functional being minimized is [111]:

E(C) = α

∫ 1

0

|C ′(s)|
2
ds+ β

∫ 1

0

|C ′′(s)|
2
ds− λ

∫ 1

0

|∇I(C(s))|2 ds (4.1)

where α, β, and λ are positive coefficients. The first two terms affect the smoothness

of the curve, and are known as the “internal energy.” For example, setting β = 0

will allow the curve to become second-order differentially discontinuous and develop

a sharp corner [112]. Meanwhile, the third term attracts the contour toward object

edges, and is known as the “external energy.” The external energy is defined such that

its value decreases near features of interest (in this case, object edges). The problem

now becomes finding a curve C that minimizes the energy E(C). By minimizing the
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total energy, E(C), the curve is drawn to the maxima of |∇I|, essentially acting as

an edge-detector, while simultaneously maintaining the curve’s smoothness.

This framework may be generalized by realizing an edge-detector can be modeled

as a positive and strictly decreasing function, g. For example:

g (|∇I(x, y)|) =
1

1 + |∇Gσ(x, y) ∗ I(x, y)|
p , p ≥ 1 (4.2)

where

Gσ(x, y) = σ−1/2e−
|x2+y

2|
4σ (4.3)

is the Gaussian function, and Gσ ∗ I(x, y) is a smoothed version of the image I via

convolution. Therefore, the term |∇I(C(s))| may be replaced with g (|∇I(C(s)|).

However, there are some noteworthy pitfalls of this framework. For instance,

when multiple objects are desired to be segmented yet the initial contour is a single

contour surrounding all of the objects, the objects will not be individually segmented

[113]. Instead, the likely result is for the curve to evolve to the convex hull of all of

the objects. However, with the implicit representation of the curve using level-sets,

automatic topology changes may occur, partially alleviating the precision necessary

for an accurate initialization curve.

An additional pitfall of this framework is the dependence on the image gradient to

properly detect object edges. As discussed in Section 1.2, object edges in our image

data are poorly defined. Therefore, using the image gradient to stop curve evolution

will likely give poor segmentation results. Instead, we will be using the framework

proposed in [114] for our active surface model.

4.2 Our Active Surface Model

Before we employ our active surfaces method, we first pre-process our image vol-

ume to mitigate the lack of edge detail. As previously mentioned, the z-axis is sampled

approximately four times more coarsely than the sampling along the x-axis and y-axis.
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This is due to the current limitations of optical microscopy image acquisition systems.

Therefore, to be able to render the volume with accurate proportions, we first use

cubic interpolation on the volume across the z-axis using a factor of four. This causes

our new voxels to be cubic rather than rectangular. Next, we use three dimensional

morphological filtering on the volume to increase edge detail and increase texture

homogeneity within cellular objects. Specifically, we use a morphological opening fol-

lowed by a morphological closing [74], both using a spherical flat structuring element

with radius r. The combined morphological opening and closing operations suppress

noise and will allow the active surface to converge to the appropriate edges of nuclei

where image intensity is the greatest.

The principals of our active surface method are founded in the work proposed

in [114]. Extended to three dimensions, the energy functional, or “fitting term,” is

most commonly defined for a surface S as:

(4.4)
E(S) = λin

∫

inside(S)

|V (x, y, z)− µin|
2 dx dy dz

+ λout

∫

outside(S)

|V (x, y, z)− µout|
2 dx dy dz + αLength(S)

where V is the image volume being segmented, µin is the sample mean intensity of V

enclosed by S, µout is the sample mean intensity of V outside S, and λin, λout, and

α are weighting coefficients all greater than zero. Placing the surface S on object

boundaries will minimize the first two terms of E(S). The third term of E(S) is a

regularizing term. Combining the sum of these terms, we desire to minimize this total

energy functional, E(S). For implementation purposes, this energy functional can be

formulated implicitly using level-set curves. By replacing the unknown variable S

with the unknown variable φ, and by introducing the Heaviside function:

H(φ) =











1 if φ ≥ 0

0 if φ < 0

(4.5)



52

the energy functional can be rewritten as:

(4.6)

E(S) = λin

∫

Ω

|V (x, y, z)− µin|
2H(φ(x, y, z)) dx dy dz

+ λout

∫

Ω

|V (x, y, z)− µout|
2(1−H(φ(x, y, z))) dx dy dz

+ α

∫

Ω

δ(φ(x, y, z))|∇φ(x, y, z))| dx dy dz

where Ω is the domain of the image volume (a subset of R3), and δ(φ) is the Dirac

delta function defined as the derivative of the Heaviside function. The former surface

S is now represented as the zero level-set surface of φ. Also note that φ > 0 for

regions inside of or enclosed by the surface S, and φ < 0 for regions outside of or

exterior to the surface S. Further, the sample means µin and µout can be expressed

as a function of φ:

µin(φ) =

∫

Ω
V (x, y, z)H(φ(x, y, z)) dx dy dz
∫

Ω
H(φ(x, y, z)) dx dy dz

µout(φ) =

∫

Ω
V (x, y, z)(1−H(φ(x, y, z))) dx dy dz
∫

Ω
(1−H(φ(x, y, z))) dx dy dz

(4.7)

Alternatively, and perhaps more intuitively, µin and µout are simply:

µin(φ) = mean(V ) in φ ≥ 0

µout(φ) = mean(V ) in φ < 0
(4.8)

By parameterizing by an artificial time t ≥ 0, the associated partial differential equa-

tion (Euler-Lagrange equation) for φ is:

∂φ

∂t
= δ(φ)

[

λout(V − µout)
2 − λin(V − µin)

2 + α div

(

∇φ

|∇φ|

)]

(4.9)

By using a numerical approximation, this partial differential equation may be solved

iteratively using [115]:

φn+1 = φn +∆t

[

λout(V − µout(φ
n))2 − λin(V − µin(φ

n))2 + α div

(

∇φ

|∇φ|

)]

(4.10)
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where n is the iteration number and ∆t is an artificial time step. Choosing α to be

large compared to λ is necessary to filter high frequency noise. Likewise, choosing λ

to be large compared to α is necessary to detect objects with finer detail [116].

Computation of the curvature κ = div
(

∇φ
|∇φ|

)

is straight-forward in two dimen-

sions. However, in three dimensions, several definitions of curvature exist. Here, we

use mean curvature [117]:

κ =







φ2
x(φyy + φzz) + φ2

y(φxx + φzz) + φ2
z(φxx + φyy)

−2 (φxφyφxy + φxφzφxz + φyφzφyz)







(

φ2
x + φ2

y + φ2
z

)3/2
(4.11)

This implicit representation of the active surface using level-sets allows the surface

to split and merge, permitting the segmentation of an arbitrary number of disjoint

objects from an arbitrary initialization [7]. Otherwise, if the active surface was defined

explicitly using a parametric representation, the number of objects to be segmented

in the volume would be required to be known in the initialization.

The active surface is deformed iteratively until convergence. After each iteration,

as a regularization step, φ is reinitialized to the signed distance function to the zero-

level surface (the level-set where φ = 0). After the active surface has reached a

stable solution, a final post-processing step is executed. Since nuclei are desired to

be segmented as solid objects without any holes (i.e. nuclei are not hollow), we use

a morphological fill operation on our final surface. This will eliminate any holes

contained within segmented nuclei.

Active contours have previously been extended to three dimensions, using both

traditional models [7] and improved or modified models [118, 119] incorporating new

external forces or initialization procedures. However, the simplicity of our three

dimensional model suits our data set well. Readers may also note that our energy

functional lacks a term incorporating the area/volume enclosed by the curve/surface.

However, we do not want to favor large nor small nuclei based on the volume enclosed
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by each of the surfaces. Objects in the image volume may have a wide variety of sizes,

and one particular size should not be penalized or favored over another.

Many alternative energy functionals have been developed and explored [120–122].

However, these methods are much more sensitive to initialization. Energy functionals

based on global statistics will be much more robust to curve/surface initialization

[123]. We do not have the luxury of advanced topology information regarding our

image data. Additionally, extensions to active contours for use with multi-channel

or multi-color images [116] is not necessarily beneficial, as we generally do not want

to segment all objects in the volume but perhaps just a specific type of object (such

as only nuclei and not vasculature). Likewise, a multi-phase extension to active

contours [124] to segment more than two regions is not necessarily beneficial, as all

objects desired to be segmented within the volume will have the same characteristics

(such as all nuclei having the same intensity statistics). As a result, we use a simplistic

initialization approach, as the number and size of each cellular object to be segmented

is unknown. Therefore, our simplified energy functional suits the data well.

In summary, the fundamental steps of our three dimensional active surface seg-

mentation method are [114]:

1. Interpolate the image volume along the z-axis so that voxels have the same

dimension along all three axes.

2. Use morphological filtering to suppress noise and enhance edge detail as pre-

processing.

3. Initialize φ0. Set n = 0.

4. Compute µin(φ
n) and µout(φ

n) using (4.7) or (4.8).

5. Compute κ using (4.11).

6. Compute φn+1 using (4.10).

7. Reinitialize φn+1 to the signed distance function to the curve/surface (the level-

set where φ = 0).
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8. Check whether the curve/surface has converged to a stable solution. If not, set

n← n+ 1 and go to Step 4.

9. Use morphological fill operation as post-processing.

4.3 Summary of Experimental Results

Before the use of this three dimensional segmentation method, it is assumed that

the data are already aligned or has been aligned/stabilized via the use of image regis-

tration techniques as described in the previous chapter [125], particularly Section 3.2.4

pertaining to volumetric data.

We will demonstrate this three dimensional active surface segmentation method in

Section 6.6. Results are best rendered in three dimensions using visualization software

such as Voxx [126]. However, snapshots of a three dimensional video rendering does

not provide an accurate and proportional two dimensional projection. Therefore,

instead we show example slices from the xy, yz, and xz planes.

We will see in all three orthogonal planes that nuclei are segmented generally with

a circular shape, indicating that the active surfaces method has successfully segmented

nuclei in three dimensions. We will also compare these results from this native three

dimensional segmentation method with our proposed segmentation method perform-

ing analysis slice-by-slice as described in Chapter 2. This method was a pseudo-three

dimensional segmentation method tasked with the same objective. When the series

of segmentation results from this method is concatenated along the z-axis to form a

three dimensional volume, we will see that results are not necessarily realistic and

that a true native three dimensional segmentation method is necessary for volumetric

data.
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5. VALIDATION AND GROUND TRUTH DATA

Objective evaluation of our segmentation and registration results proves to be difficult

due to the lack of ground truth data, for which the true shape and position of each

object in each image is known. In fact, ground truth is impossible to obtain in

intravital microscopy, since both the shape and position of an object are fluid in

living animals, and are inevitably altered in the process of isolating and fixing tissues.

Thus, to the degree that the concept of a single “true” structure is meaningful, it is

unknown and unknowable. However, we can make the assumption that shapes of

structures remain relatively constant over time, and seek to reduce changes.

As a substitute for ground truth data, results from an automated segmentation

or registration method are often compared to results obtained from a human expert

examiner. Although results obtained from an expert clinician may be considered to

be gold-standard data, one notable issue with this method is the inherent inter- and

intra-operator variability [100]. The same task will be performed differently upon

multiple trials by the same examiner, causing intra-operator variability. In addition,

the same task will be performed differently by different examiners, causing inter-

operator variability.

5.1 Segmentation Validation

An approach to aid in the validation of our segmentation results is as follows:

A new data set for a particular specimen was acquired. After this data set was

collected, the specimen was physically flipped over, and the data acquisition was

performed again. Ideally, the second data acquisition should be identical to the

first acquisition with the exception of being mirrored and in reverse order. However,

image contrast decreases with increasing tissue depth. Therefore, low contrast images
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(a) Segmentation from forward acquisition (b) Segmentation from reverse acquisition

Fig. 5.1.: Example segmentation validation results

corresponding to large tissue depth from the first acquisition can now be compared

against equivalent high contrast images corresponding to small tissue depth from the

second acquisition. Segmentation performance of low contrast images can now be

compared with and validated against equivalent high contrast images. This process

of flipping the specimen and reverse acquisition is only performed for validation and

not performed in the collection of all data sets.

Example results using this segmentation validation technique are shown in Fig-

ure 5.1. One output image corresponds to the processing of an input image with

high contrast, where segmentation is considered to be not as difficult. The other

output image corresponds to the processing of an input image with low contrast,

where segmentation is considered to be more difficult. With segmentation bound-

aries clearly outlined, it is shown that both output images have similar segmentation

results. Therefore, the effectiveness of our proposed method is promising for data

sets containing a wide range of image contrast. However, this validation process is

not a substitute for ground truth data, as determining which of the two segmentation

results is considered more desirable is still subjective.
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5.2 Registration Validation

As already described, evaluating the accuracy of registration results proves chal-

lenging with the lack of ground truth data. A common approach to evaluate registra-

tion performance is to manually identify landmarks independently of the registration

and to measure how well they are aligned after registration [127]. However, this may

be insufficient as errors in image regions located far away from selected landmarks will

not be measured. Another common approach is to perform registration validation us-

ing simulated image data (phantom data), whereby the deformation is user-specified.

However, this is not necessarily appropriate, especially if the deformation model is

the same for the simulated image data as it is for the registration method [128].

This validation procedure would only validate the optimization method, and would

demonstrate the invertibility of the deformation [100]. Furthermore, a simulated de-

formation may not necessarily emulate a physically plausible and biologically realistic

deformation in a living animal [129]. Alternatively, if the registration is a component

of an integrated image analysis system that includes other image processing tech-

niques such as segmentation, registration performance can be indirectly measured

using segmentation performance [130]. Other authors exert a bold opinion whereby

finding or creating a perfect measure of registration accuracy is paradoxical [66]. If

such measures existed, then they would be used in registration methods, and such

methods would outperform all other registration methods. Therefore, registration

error cannot be quantified with absolute certainty.

We will be employing the use of both visual (or qualitative) assessments and

quantitative measurements to evaluate registration accuracy. Qualitative assessments

and subjective evaluations of our registration results will be presented in the form of

overlay images, maximum projection images, and line scan projection images. Here,

we will also describe a means based on block motion estimation by which a more

objective and quantitative evaluation and validation of our registration results is

performed.
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Although block motion estimation does not lend itself well to image registration

directly, we will use this method in an attempt to objectively gauge the performance

of our non-rigid B-spline registration method [131]. Block motion estimation is an

integral component of video coding and compression, and has the strong ability to

identify localized motion patterns from one image to the next, and also readily enables

the visualization of this localized motion. However, even though this method is able

to identify and visualize these highly local motion patterns, a consequence of dividing

the image into equally sized blocks is that it does not provide an easy and obvious

way to correct these motions and produce a viable and realistically registered image.

Traditionally, following block motion estimation, a motion compensated image is

created by displacing each block in the image by its associated motion vector. This

may increase the similarity between the motion compensated image and the original

image according to some defined cost metric. However, the motion compensated

image has obvious block artifacts, creating an unrealistic image. However, since

block motion estimation allows for easy visualization, we can objectively compare the

quantity and angle of motion vectors before and after non-rigid registration.

Block motion estimation has been used with video coding for decades. The overall

idea is that block motion estimation provides localized information about direction

and magnitude of motion throughout each image in a data set. The method for block

motion estimation is well-known [132] and proceeds as follows: The current image is

divided into a matrix of equally sized blocks of pixels. Each block is then compared

with its corresponding equally sized block and its adjacent neighbors in the previous

image. The block in the previous image that is most similar to the block in the

current image creates a motion vector that predicts the movement of this block from

one location in the previous image to its new location in the current image. A motion

vector is computed for each block in the matrix for the entire image. The search area

of adjacent neighboring blocks in the previous image is constrained to p pixels in all

four directions, and will create a (2p+ 1)× (2p+ 1) search window. A larger value p
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is necessary to correctly predict larger motion, but at the same time, also increases

computational complexity.

Here, we specify p = 15 to create a 31 × 31 search window, and a N × N block

size. Searching for the maximum similarity between two blocks is determined by

minimizing a cost function. Here, we specify mean squared error (MSE) as our cost

function:

MSE =
1

N2

N−1
∑

i=0

N−1
∑

j=0

(C(i, j)−R(i, j))2 (5.1)

where N is our chosen block size, and C(i, j) and R(i, j) are the pixels being compared

in the current and reference blocks, respectively. Several methods have been developed

to reduce the computational complexity of this motion estimation process. However,

we are currently more concerned with accuracy and correctness of our results rather

than computational complexity. Therefore, we only utilize the exhaustive search, or

full search, method. This method computes the cost function for every block in the

search window, requiring (2p+ 1)2 comparisons with blocks having N2 pixels. Thus,

it also finds the best possible match.



61

6. EXPERIMENTAL RESULTS

6.1 Integrated Segmentation and Registration

We demonstrate our proposed technique as described in Chapter 2 using two data

sets, one consisting of a three dimensional volume of nuclei from kidney tissue and a

second consisting of a time-series of vasculature from the kidney of a living rat. In

the data set consisting of nuclei from kidney tissue, given any particular image, some

nuclei appear with significantly increased intensity. This is expected, as cells that are

currently in the middle of the focal plane will appear with more intensity, while cells

that are on the edge of the focal plane will appear with less intensity. This effect

is caused by the dye concentrating within the middle of the nuclei creating a non-

homogeneous distribution. Naturally, selecting which cells are relevant in any given

image is subjective. Since there does not appear to be significant motion between

images in this data set, registration techniques may not need to be utilized. Regarding

the data set consisting of vasculature from the kidney of a living rat, movement

between images is much more significant due to specimen motion during acquisition.

Therefore, registration is needed to correct these movements between images.

Registration results for this second data set are shown in Figure 6.1. The hori-

zontal and vertical displacements appear with few large spikes. This suggests that

the majority of the offsets are concentrated in just a few images. In fact, the mean

squared error metric shows a very distinct peak in the middle of the image sequence

that indicates a significant motion artifact. This can be used as an indicator to

possibly evaluate and analyze the corresponding images in the data set manually.

As previously described, we also evaluated the effectiveness of using mutual in-

formation as a registration metric. However, results were poorer than those obtained

using the mean squared error metric. Figure 6.2 shows these registration results and
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Fig. 6.1.: Registration results from rat kidney vasculature data set using mean squared
error metric

can be compared against the results from Figure 6.1. Unlike the mean squared er-

ror metric, when there is significant motion between images, the mutual information

metric does not produce large peaks in the metric value. Additionally, the mutual

information metric values contain more variation than the mean squared error metric

values.

Authors in [133] have further explored the mutual information metric. It has been

extensively shown that metrics based on the evaluation of mutual information are well

suited for overcoming the difficulties of multi-modality registration, where images to

be registered have been acquired using different imaging techniques such that pixel

intensities for the same objects are not correlated across images [134,135]. Since our
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Fig. 6.2.: Registration results from rat kidney vasculature data set using mutual
information metric

data sets are all single modality, having mutual information perform poorly is not

surprising.

After each data set was denoised, filtered, and registered, it was thresholded via K-

means. As shown in Figure 6.3 for the rat kidney vasculature data set, the threshold

changes drastically only once, when there is significant motion approximately halfway

through the image sequence. In contrast, for the rat kidney nuclei data set, images

near the beginning and end of the sequence are too dark for the K-means procedure

to segment into two groups. This is shown by the threshold attaining extreme values.
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Fig. 6.3.: K-means threshold vs. image number

A confidence metric may be developed so that the user may be warned for cases where

K-means has difficulty identifying two distinct groups of objects in a given image.

Representative images showing the performance of our entire system for the nuclei

and vasculature data sets are given in Figure 6.4. As can be seen in the results for

the first data set, nuclei with the greatest intensity are retained, while those with

the lowest intensity are eliminated in the output. Similarly, in the results for the

second data set, structures with the greatest intensity are retained while those with

the lowest intensity are eliminated in the output.

However, when used for the analysis of particular multi-channel data sets, our

proposed approach encounters some difficulty. Ideally, the desired structures to be

segmented will be predominately contained within one of the three primary color

channels. For example, vasculature is often desired to be segmented and is labeled

using red. Then, this respective color component is extracted and only this color

component is analyzed using the proposed approach, just as the single channel or

grayscale data sets were analyzed. However, structures to be segmented are not

necessarily fully contained within one of the primary color channels. An example

image from a multi-channel data set consisting of a volume of kidney tissue from

a living rat is shown in Figure 6.5. In this data set, the vasculature is shown in
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(a) Original nuclei image (b) Original vasculature image

(c) Final segmented nuclei result (d) Final segmented vasculature result

Fig. 6.4.: Example results for rat kidney nuclei and vasculature data sets

red, while at the same time, many other unwanted structures are shown in yellow

which also contains a large red component. Therefore, this data set must undergo

additional pre-processing due to the image set characteristics and desired objects to be

segmented. This pre-processing is called green component clamping, and is described

in the following section [136].
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Fig. 6.5.: Example image of multi-channel data set requiring pre-processing

6.2 Green Component Clamping

The images in the aforementioned data set contain many yellow structures, which

we do not want to segment. Endosomes and tubular lumen have a large red compo-

nent. The yellow appearance is not due to the cellular objects truly being yellow, but

is a result of the color palette used in assigning color to each of the three channels

of the multiphoton microscope. As described in Section 1.2, channel isolation is im-

perfect, as channel saturation and bleeding often occurs. This creates an undesired

side-effect causing these yellow structures to contain a large red component. There-

fore, simply using the red component of these images will result in the segmentation

of unwanted objects in addition to the vasculature. Therefore, to reduce the visibility

of yellow structures, a new image is constructed by the following:

Ĩr(m,n) =















0 if
Ir(m,n)

Ig(m,n)
<

1

α

Ir(m,n) else

(6.1)
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(a) Red component (b) Green component (c) New green-clamped im-
age

(d) Output image

Fig. 6.6.: Example analysis from multi-channel data set after green component clamp-
ing

where Ir and Ig are the red and green components, respectively, of the current image

in the stack being analyzed, and α is a constant greater than one. Selecting α = 3

has experimentally shown to produce acceptable results. Then, Ĩr is analyzed using

the proposed approach. The effects and results of this pre-processing can be seen in

Figure 6.6.
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6.3 Segmentation Results without Non-Rigid Registration

With well-behaved data sets, the proposed method effectively segments the desired

structures from the series of images. To demonstrate intermediate results from every

block in Figure 2.1, the output from each block from the analysis of an example

image from a volumetric data set collected from the liver of a living rat is shown in

Figure 6.7. However, many motion artifacts due to respiration and heartbeat remain.

Therefore, results utilizing both rigid and non-rigid registration will be described in

depth and in vigorous detail in the following sections.

6.4 Rigid Registration

As previously described, motion artifacts can be considered to consist of two com-

ponents: a rigid component in which sequential images exhibit a translational offset

from one another, and a non-rigid component which features non-linear distortions

within each image. Many software applications have been developed for addressing

global linear and orthogonal registration of microscopy images (e.g. Metamorph and

various plug-ins for ImageJ), since this has been an ongoing problem in microscopy

of living cells in culture. We first show an example of a data set in which motion

artifacts consist primarily of rigid translations.

Figure 6.8(a) shows one of a series of images collected over time from the kidney

of a living rat, following intravenous injection with fluorescent dextran. This is one

of the two data sets previously used for demonstration of our proposed segmenta-

tion method. The motion of the sample is apparent in Figure 6.8(b), which shows

a maximum projection of the entire time-series, in which the motion results in a

smearing in the images of the renal capillaries. The significant reduction of motion

artifacts is shown in the projection of this time-series after rigid registration, shown

in Figure 6.8(c). The effective elimination of specimen translation by the registra-

tion technique is also shown in Figure 6.8(d)-(e), which shows sequences of single

lines from the images before and after registration, respectively. In these images, the
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(a) Original image (b) 2-D spatial low-
pass filter

(c) Rigid registration (d) 1-D low-pass filter

(e) K-means (f) Morphological filtering (g) Binary restoration

Fig. 6.7.: Example of intermediate output images

intensity profile of each line is arrayed horizontally and the time sequence arrayed

vertically.
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(a) Example image from kidney vascular
flow data set

(b) Maximum projection of entire series
of images before rigid registration

(c) Maximum projection of entire series of im-
ages after rigid registration

(d) Line scan projection image before
rigid registration

(e) Line scan projection image after rigid reg-
istration

Fig. 6.8.: Rigid registration of kidney vasculature. Image field before registration is
205 µm wide. Image field after registration is wider because the field has shifted over
the time of collection to include more area. Image sequence contains 200 frames.

6.5 Non-Rigid Registration

However, as previously discussed, intravital microscopy introduces a completely

different type of registration problem in which there is intrascene motion resulting
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from motion in the sample during collection of an individual image. We will now

demonstrate the effectiveness of our non-rigid registration technique on several data

sets consisting of images of the lung, kidney, and salivary gland collected in living

rodents.

6.5.1 Demons Algorithm

We demonstrate our first non-rigid registration method, the demons algorithm,

on a series of images collected from the liver of a living rat, which contains severe

non-linear motion artifacts. A representative original image from this data set and

the corresponding registered image are shown in Figure 6.9. The motion artifacts are

most apparent in the red channel showing the blood flow, and are visible as horizontal

banding patterns. These horizontal warping patterns are due to the scan direction

of the multiphoton microscope during image acquisition. During one horizontal pass

of the scanner, the specimen is in one particular position. During the subsequent

horizontal pass of the scanner directly below the previous pass, the specimen has

moved and is in a different position, creating the warping distortion. Additionally,

the demons algorithm operates on single channel images, not multi-channel images.

Therefore, a particular channel must be selected to perform registration on. The

predominance of the irregular blood flow within the vascular structures makes the red

channel a poor choice to use for registration. The green channel consists mostly of

background fluorescence noise with very few structures. Therefore, the green channel

is also a poor choice to use for registration. Since the blue channel consists of no

crosstalk from the other two channels as described in the introduction, and also

consists predominantly of clearly visible nuclei structures, using this channel is a

logical choice to perform registration. Thus, the demons registration method was

performed on the blue channel of the data set. For each image, a final deformation field

was obtained. This deformation field was then used to transform all three channels

of the image.
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(a) Original image (b) Registered image

Fig. 6.9.: Example image demonstrating the demons registration algorithm

We choose to smooth the deformation field using a Gaussian filter with variance

σ2 = 2.0. The results from the demons registration method shown in Figure 6.9

need significant improvement. The motion artifacts easily visible within the vascular

structures in the red channel are exaggerated rather than corrected. In the blue

channel, nuclei are no longer round as expected. Instead, nuclei become oblong

and transform into other irregular shapes. These issues persisted across all images

registered in the stack. These consistently poor results led to the use of B-splines for

non-rigid registration.

6.5.2 Non-Rigid Registration Using B-Splines

We now introduce an example three-channel data set containing severe non-linear

motion artifacts. This data set is a three dimensional volume collected from the

kidney of a living rat. We have depicted the results from a sequence of two consecutive

images from this data set to demonstrate our non-rigid registration method using B-

splines. By progressing from one image to the next, significant motion artifacts are
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(a) Reference image (b) Moving image

(c) Registered image (d) Deformation field

Fig. 6.10.: Non-rigid registration results using B-splines from example data set

visible as horizontally banded regions of the scene are warped to the upper-left. In

the subsequent image, the objects are restored to their unwarped original locations.

Figure 6.10 shows the results from B-spline registration along with the deformation

grid corresponding to the warping of the moving image to the reference image. These

results were obtained by performing registration using λ = 0.01 and a B-spline control

point grid spacing of δx = δy = 64 pixels, and using a limited memory Broyden-
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(a) Unregistered images (b) Registered images

Fig. 6.11.: Overlay of consecutive images from example data set

Fletcher-Goldfarb-Shanno (L-BFGS) optimizer to determine the final B-spline control

points.

A subjective evaluation of the registration results is performed by overlaying con-

secutive unregistered images, and comparing this composite overlay image with that

for the corresponding consecutive registered images. This comparison is shown in

Figure 6.11. Ghosting artifacts are easily visible in the unregistered overlay image,

due to significant misalignment of objects. However, this ghosting is vastly reduced

in the registered overlay image. Therefore, this visual inspection of the registration

results confirms that the motion artifacts have largely been corrected.

As an additional way to evaluate our non-rigid registration results, we compared

these results to those from using the demons algorithm. The results from using the

demons algorithm for the same representative image are shown in Figure 6.12. As can

be seen, these results are vastly unrealistic. From visual inspection and similar to the

results in Figure 6.9, motion artifacts within the vascular structures shown in red are

exaggerated rather than corrected. Nuclei shown in blue become oblong, irregular,

and malformed rather than round as expected. Therefore, we conclude that non-rigid
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Fig. 6.12.: Comparison of non-rigid registration results using the demons algorithm

B-spline registration improves upon the demons algorithm for intravital microscopy

images.

As a more objective evaluation of registration results, computing histograms of

angles for motion vectors with non-zero magnitudes attempts to identify any distinct

motion patterns within the motion vector field. These histograms, corresponding with

the unregistered images, are created with 36 bins. Furthermore, these histograms of

motion vector angles are weighted by motion vector magnitude, and are shown in

Figure 6.13. As can be seen, the first image (whose histogram is shown in Fig-

ure 6.13(a)) has a distinct motion to the upper-left, while the next image (whose

histogram is shown in Figure 6.13(b)) has a distinct motion to the lower-right. Like-

wise, weighted histograms for motion vectors associated with the two corresponding

registered images are shown in Figure 6.13(c)-(d), respectively. As can be seen, the

distribution of motion vector angles is significantly more uniform for the registered

images compared to the unregistered images. This simple comparison indicates that

the non-rigid B-spline registration technique has successfully corrected a large portion

of the respiratory and cardiac motion artifacts.
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Fig. 6.13.: Weighted histograms of motion vector angles

We further demonstrate our non-rigid registration technique using B-splines with

additional image sets. Figure 6.14(a) shows a single image from a time-series of images

collected from the lung of a living rat following injection with fluorescein dextran

(which fluoresces green in the vasculature) and Hoechst 33342 (which labels cell nuclei

blue). We initially perform the rigid registration method as was performed previously

with the sequence of rat kidney images shown in Figure 6.8. By comparing maximum

projection and line scan projection images from before and after rigid registration

shown in Figure 6.14(b)-(e), these images indicate that rigid registration has barely
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corrected the motion artifacts. In fact, one may argue that the registration has even

exacerbated the motion artifacts compared to the raw images.

By now utilizing our combined rigid and non-rigid registration method using B-

splines, we see in Figure 6.14(f)-(g) that the maximum projection and line scan pro-

jection images show extraordinary reduction of the motion artifacts. This clearly

illustrates the deficiencies of rigid registration for correction of respiration and heart-

beat motion artifacts, while non-rigid registration using B-splines is very promising

in this application.

To present a more quantitative measure of registration success, one may consider

evaluating a well-established metric such as Target Registration Error (TRE) [137].

However, this registration evaluation metric requires manually identifying fiducial

points in corresponding pairs of images. This is quite impractical and labor intensive

for image sequences that contain hundreds of images. Therefore, as a more auto-

mated quantitative evaluation, we compute an average of sum of squared differences

(SSD) of pixel intensities across all images in the sequence. Normalizing this value by

the number of pixels in the image is not appropriate because the registered image se-

quence has a larger field of view. Since each image in the registered sequence contains

more matching black pixels, a normalized value would show an improvement in align-

ment even if no registration had been performed. Results for this image sequence

of lung tissue are shown in Table 6.1, which compares SSD values before registra-

tion, after rigid registration, and after both rigid and non-rigid registration. Even

though Figure 6.14(d) may show a worsening of image alignment, rigid registration

has marginally improved image alignment according to the SSD metric. However,

non-rigid registration has drastically improved image alignment, according to both a

quantitative SSD standpoint and a visual standpoint.

As we have seen, SSD quantitative evaluation does not necessarily match visual

evaluation of image alignment. Therefore, in addition to projection images, we also

utilize the motion vector analysis described previously as a validation technique. This

attempts to identify any distinct motion patterns within the motion vector field prior
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Table 6.1: Quantitative registration validation results

Image Sequence
Average SSD Percent
per Image Improvement

Lung without registration 7329.7 —
Lung with rigid registration 7190.5 1.9%
Lung with rigid and non-rigid registration 2739.8 62.6%
Kidney without registration 13208 —
Kidney with rigid registration 12938 2.0%
Kidney with rigid and non-rigid registration 6026 54.4%
Salivary gland without registration 273.0 —
Salivary gland with rigid registration 246.9 9.6%
Salivary gland with rigid and non-rigid registration 124.2 54.5%

to and subsequent to registration. Computation of motion vectors was performed for

all images in the sequence, and weighted histograms of motion vector angles with

non-zero magnitudes were generated for each image. These histograms are created

with 36 bins, and motion vector angles are weighted by motion vector magnitudes. A

weighted histogram for one particular image in the lung tissue sequence is shown in

Figure 6.15(a). The histogram for the unregistered image is shown in blue, while the

histogram for the corresponding registered image is shown in red. As can be seen,

the unregistered image has dominant motion to the upper-right and lower-left with

respect to its previous image. However, the magnitudes of the motion vectors for the

registered image shown in red are significantly reduced compared to the unregistered

image. Furthermore, not only are the magnitudes of motion vectors reduced, but

the distribution of motion vector angles is significantly more uniform compared to

the unregistered image, indicating that motion is not apparent in any particular

direction. Comparing magnitude and angle distribution of motion vectors from before

and after registration demonstrates that our non-rigid B-spline registration technique

has successfully corrected a large portion of the motion artifacts.

Since these weighted histograms omit motion vectors with zero magnitude, we can

include these in a 3-D distribution plot of all motion vectors for the same image as

shown in Figure 6.15(b)-(c). For the unregistered image, the 3-D distribution plot
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(a) Weighted histogram of motion vector an-
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image is show in blue, while histogram for reg-
istered image is shown in red.
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(c) 3-D distribution plot of motion vector dis-
placements after registration

Fig. 6.15.: Motion vector analysis for lung tissue data set shown in Figure 6.14.
Motion vector analysis was performed using a 31 × 31 search window and 16 × 16
block size.

contains many large peaks across the entire search window, indicating that significant

motion has been identified throughout the image. Peaks in the 3-D distribution plot

indicate that the image contains many motion vectors with the corresponding mag-

nitude and orientation. In contrast, for the registered image, the vast majority of the
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motion vectors are concentrated at the origin, suggesting no motion. Again, this com-

parison indicates that the non-rigid B-spline registration technique has successfully

corrected a large portion of the motion artifacts.

We previously mentioned that our combined rigid and non-rigid registration method

is robust and effective on both time-series and three dimensional data. After demon-

strating our non-rigid registration technique on images collected in time-series, we will

now demonstrate its effectiveness on three dimensional sequences of images. Consec-

utive images in a three dimensional sequence of images share enough content such

that the registration process performs well. Figure 6.16(a) shows a single image from

a three dimensional volume collected from the kidney of a living rat injected intra-

venously with Hoechst 33342 (which labels cell nuclei blue), a large molecular weight

dextran that fluoresces red in the vasculature of the glomerulus (center of image),

and a small molecular weight dextran that is internalized into endosomes of proxi-

mal tubule cells (appearing as fine yellow spots). Specimen motion occurring during

collection of this volume is apparent as the smeared appearance in the overlay of two

consecutive images shown in Figure 6.16(b).

We illustrate the effectiveness of our combined rigid and non-rigid registration

method by showing the overlay of the corresponding two consecutive images after

registration shown in Figure 6.16(c). Ghosting artifacts resulting from significant

misalignment of objects are obvious in the original volume, but are vastly improved

following registration. Therefore, this visual inspection of the registration results

confirms that the motion artifacts have largely been corrected.

Again, quantitative SSD values to evaluate registration success are shown in Ta-

ble 6.1 for this image sequence of kidney tissue. Similar to the lung, rigid registration

has marginally improved image alignment according to the SSD metric, while non-

rigid registration has drastically improved image alignment. Motion vector analysis

was again performed as an additional validation technique. A weighted histogram

for one particular image in the kidney tissue sequence is shown in Figure 6.17(a).

The histogram for the unregistered image is shown in blue, while the histogram for
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(a) Example image from renal tissue data set

(b) Overlay of consecutive unregistered im-
ages

(c) Overlay of consecutive registered images

Fig. 6.16.: Non-rigid registration results using B-splines for kidney tissue data set.
Image field is 205 µm wide. Image sequence contains 56 frames. Registration was
performed using λ = 0.02 and a control point grid spacing of δx = δy = 64 pixels.

the corresponding registered image is shown in red. As can be seen, the unregistered

image has an extremely distinct motion to the upper-right with respect to its previ-

ous image. However, the histogram in red shows the near elimination of all motion

in the registered image, as all of the histogram bins are near zero and dwarfed by
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(a) Weighted histogram of motion vector an-
gles for one slice. Histogram for unregistered
image is show in blue, while histogram for reg-
istered image is shown in red.
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placements before registration
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(c) 3-D distribution plot of motion vector dis-
placements after registration

Fig. 6.17.: Motion vector analysis for kidney tissue data set shown in Figure 6.16.
Motion vector analysis was performed using a 31 × 31 search window and 16 × 16
block size

the histogram bins from the unregistered image. Again, this simple comparison in-

dicates that the non-rigid B-spline registration technique has successfully corrected

essentially all of the motion artifacts.
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All motion vectors computed across the same image in the sequence are quantified

in a 3-D distribution plot and are shown in Figure 6.17(b)-(c). For the unregistered

image, the 3-D distribution plot contains one large peak at the edge of the plot, con-

firming that the majority of the motion vectors suggest upward motion. In contrast,

for the registered image, essentially all of the motion vectors are concentrated at the

origin, suggesting no motion. Again, this comparison indicates that the non-rigid

B-spline registration technique has successfully corrected the vast majority of the

motion artifacts.

Our last example shows the effectiveness of motion artifact correction even at the

subcellular level. Figure 6.18(a) shows a single image from a time-series of images

of a single cell in the salivary gland of a living mouse. The mouse cell is expressing

EGFP-clathrin in endosomes and the trans-Golgi network and mCherry-TGN38 in

the trans-Golgi network. Since even the slightest motion will compromise the ability

to distinguish intracellular organelles, motion artifacts present a serious challenge to

intravital microscopy of subcellular processes.

Due to the decreased image resolution and image scale along with more intense

motion artifacts compared to the previous image sequences, the smoothness penalty

coefficient in the cost function has been reduced by a factor of 4, and the B-spline

control point grid spacing has been increased by a factor of 4. A smaller and more

dense B-spline control point grid along with a decreased smoothness constraint coeffi-

cient allows for more bending and warping in the registration process to correct more

intense motion artifacts, both spatially and temporally. Maximum projection images

across 15 sequential image planes from before and after registration are shown in

Figure 6.18(b)-(c), respectively, demonstrating that registration accomplishes a sig-

nificant reduction in the motion artifact of the original image series. The correction is

somewhat obscured in these images by the fact that the intracellular vesicles actually

are in motion. If the full image sequence was available for display, viewers would no-

tice that the registration performs better toward the end of the image sequence where

there is more pronounced subcellular motion compared to the beginning of the image
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(a) Example image

(b) Maximum projection of
15 images before registration

(c) Maximum projection of 15
images after registration

(d) Line scan projection im-
age before registration

(e) Line scan projection image
after registration

Fig. 6.18.: Non-rigid registration results using B-splines for salivary gland data set.
Image field before registration is 25 µm wide. Image field after registration is wider
because the field has shifted over the time of collection to include more area. Image
sequence contains 310 frames. Registration was performed using λ = 0.005 and a
control point grid spacing of δx = δy = 16 pixels.
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sequence. Perhaps contrary to intuition, the non-rigid registration method will more

closely register a pair of images that contains a greater misalignment—up to a certain

threshold. If two images are too similar, the smoothness constraint term in the cost

function will overpower the similarity metric term. Therefore, for the beginning of

the image sequence, where consecutive images are already much more closely aligned,

tiny misalignments are allowed to propagate through the registration process. The

correction is also apparent in comparison of line scan images from before and after

registration shown in Figure 6.18(d)-(e), in which the disjointed subcellular objects

of the original image series have been properly aligned into solid, continuous objects

through the time-series.

Lastly, quantitative SSD values to evaluate registration success are again shown

in Table 6.1 for this image sequence of salivary gland tissue. Similar to both the lung

and kidney, rigid registration has marginally improved image alignment, while non-

rigid registration has drastically improved image alignment. Motion vector analysis is

performed to validate the subcellular non-rigid registration results as well. A weighted

histogram for one particular image in the salivary gland tissue sequence is shown in

Figure 6.19(a). The histogram for the unregistered image is shown in blue, while

the histogram for the corresponding registered image is shown in red. The histogram

bins for the registered and unregistered images show little distinction between each

other. However, the comparison of the 3-D distribution plots for both unregistered

and registered images shown in Figure 6.19(b)-(c) is much more convincing. Motion

vectors for the registered sequence are much more concentrated at the origin compared

to those for the unregistered image. This comparison indicates that the non-rigid B-

spline registration technique has successfully corrected a large portion of the motion

artifacts at the subcellular level as well.
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(b) 3-D distribution plot of motion vector dis-
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(c) 3-D distribution plot of motion vector dis-
placements after registration

Fig. 6.19.: Motion vector analysis for salivary gland data set shown in Figure 6.18.
Motion vector analysis was performed using a 31× 31 search window and 8× 8 block
size.

6.5.3 Multi-Resolution Approach to Non-Rigid Registration

To further improve our registration results, we demonstrate our multi-resolution

non-rigid registration method on a stack of approximately 150 images collected in

time-series from the lung of a living rat. The data were provided by Dr. Irina Petra-
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Table 6.2: Single-stage non-rigid registration results

Registration Percent Improvement Percent Improvement
Parameters using SSD using GC

δx = δy = 128 55.8% 197.7%
δx = δy = 64 61.5% 258.9%
δx = δy = 32 64.3% 299.3%
δx = δy = 16 64.9% 304.6%

che, Indiana University School of Medicine, as part of the collaboration that resulted

in [138]. Motion artifacts present an enormous challenge for intravital microscopy.

In order to reconstruct a three dimensional volume from a series of images collected

over a range of depths in a tissue, or to quantify dynamic changes in fluorescence in a

series of images collected from the same structure over time, motion-induced artifacts

resulting from respiratory and cardiac function must be eliminated. Figure 6.20(a)

shows a single image from this stack.

We first use non-rigid registration using a single-stage process, where only one

control point spacing is used. We use this method for multiple trials with a variety

of spacings, including 128, 64, 32, and 16 pixels between control points. After regis-

tration, we determine the average of both sum of squared differences (SSD) of pixel

intensities and sum of gradient correlation (GC) across all images in the sequence as

quantitative measures of registration performance [89, 139]. We choose metrics that

are unrelated to the similarity metric used in the cost function. Results for this image

sequence are shown in Table 6.2 which compares the SSD and GC before and after

single-stage registration. For all of these trials, we empirically choose λ = 0.01, as

it demonstrated the best results over a wide range of possible values. We see that

non-rigid registration has significantly improved image alignment. Note that using a

densely spaced grid of control points, which permits increased bending and warping

to correct more intense motion artifacts, slightly improves image alignment. However,

this is not necessarily true for all data sets. With the transformation able to deform
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(a) Single example image from lung data set (b) Maximum projection before registration

(c) Maximum projection after single-stage
registration

(d) Maximum projection after two-stage reg-
istration

Fig. 6.20.: Maximum projection images of multi-resolution registration results. Image
field is 205 µm wide.

more rapidly, particular control points during the optimization may be more likely to

become attracted to local minima rather than global minima.

Next, we use the proposed multi-resolution approach and execute non-rigid regis-

tration in multiple stages, using multiple grid spacings in a coarse-to-fine manner. For

an arbitrary number of stages in the multi-resolution process, the grid spacings for the
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Table 6.3: Two-stage non-rigid registration results

Registration Percent Improvement Percent Improvement
Parameters using SSD using GC

δ
(1)
x = δ

(1)
y = 128

67.6% 293.1%
δ
(2)
x = δ

(2)
y = 64

δ
(1)
x = δ

(1)
y = 64

71.5% 341.4%
δ
(2)
x = δ

(2)
y = 32

δ
(1)
x = δ

(1)
y = 32

73.7% 364.1%
δ
(2)
x = δ

(2)
y = 16

δ
(1)
x = δ

(1)
y = 16

74.0% 365.8%
δ
(2)
x = δ

(2)
y = 8

Table 6.4: Three-stage non-rigid registration results

Registration Percent Improvement Percent Improvement
Parameters using SSD using GC

δ
(1)
x = δ

(1)
y = 128

74.2% 368.8%δ
(2)
x = δ

(2)
y = 64

δ
(3)
x = δ

(3)
y = 32

δ
(1)
x = δ

(1)
y = 64

76.4% 393.4%δ
(2)
x = δ

(2)
y = 32

δ
(3)
x = δ

(3)
y = 16

δ
(1)
x = δ

(1)
y = 32

77.8% 407.2%δ
(2)
x = δ

(2)
y = 16

δ
(3)
x = δ

(3)
y = 8

horizontal and vertical directions for the n-th stage are denoted δ
(n)
x and δ

(n)
y , respec-

tively. We begin with a two-stage registration, with δ
(2)
x = δ

(1)
x /2 and δ

(2)
y = δ

(1)
y /2.

Again, we choose a variety of spacings, including 128, 64, 32, and 16 pixels between

control points for δ
(1)
x , δ

(1)
y . Results comparing the SSD and GC for this two-stage

process are shown in Table 6.3. We notice that the percent improvements in av-

erage SSD and GC per image have increased substantially when comparing similar

grid spacings for single-stage registration. A multi-resolution approach has improved

image alignment with minimal computational cost.



91

To further improve image alignment, we investigate three-stage registration, with

δ
(3)
x = δ

(2)
x /2 = δ

(1)
x /4 = and δ

(3)
y = δ

(2)
y /2 = δ

(1)
y /4. As before, we choose a variety of

spacings, including 128, 64, and 32 pixels between control points for δ
(1)
x , δ

(1)
y . Results

comparing the SSD and GC for this three-stage process are shown in Table 6.4. Note

that the percent improvements in average SSD and GC per image have increased,

but not as much compared with the two-stage registration process. One drawback

of using an additional stage in the registration is that the registered images undergo

an additional interpolation stage, possibly blurring and obscuring important cellular

structures. One may argue that the percent improvements in SSD and GC are not

beneficial enough to offset the loss in image sharpness. Two-stage registration appears

to be a moderate compromise between registration accuracy and image quality.

To obtain a more qualitative and visual evaluation of registration accuracy, we

compare maximum projection images from before registration, after single-stage reg-

istration, and after two-stage registration. Maximum projection images are assembled

by pixel-wise comparison of the intensities of each of the images in the stack and re-

taining the largest value. For ideally registered images, structures will have perfectly

sharp edges with no ghosting or smearing in the maximum projection images. In

contrast, before registration, we see in Figure 6.20(b) that the maximum projection

image exhibits distinct blurring of object edges, indicating severe misalignment of

objects. Particular areas of interest that exhibit large amounts of smearing are in-

dicated by the two arrows. Figure 6.20(c) shows that single-stage registration has

improved the alignment of cellular structures as the smeared appearance has been re-

duced. Comparing the same areas of interest indicated by the two arrows, we see that

the vasculature is narrower and has more sharply defined edges, indicating improved

image alignment. However, in Figure 6.20(d), after two-stage registration, the max-

imum projection image shows incredible and vast improvement of object alignment

compared to Figure 6.20(b), indicating extraordinary reduction of the motion arti-

facts in the original image series. The two areas of interest confirm this by showing
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(a) Before registration

(b) After single-stage registration

(c) After two-stage registration

Fig. 6.21.: Line projection images of multi-resolution registration results. Image field
is 205 µm wide.

further improvement in image alignment with significantly increased edge sharpness

and increased narrowness of the vasculature.

As an additional visual comparison, line scan projection images are created from

before registration, after single-stage registration, and after two-stage registration.

Line scan projection images are assembled by selecting a single line of pixels as one

axis and plotting this against time/depth on the other axis. These images are shown in

Figure 6.21, with the line selected to create the projection image shown as a dashed

line in Figure 6.20. For ideally registered images, we should see perfectly aligned,

solid, continuous, vertical structures in the line projection images. In contrast, before

registration, we see in Figure 6.21(a) that the line scan projection exhibits disjointed

cellular structures as there is distinct back-and-forth motion. In Figure 6.21(b), after

single-stage registration, the two nuclei labeled in blue on both the left and right side

of the image show much improved vertical continuity. However, the vasculature la-

beled in green in the middle of the projection image exhibit drifting. In Figure 6.21(c),

after two-stage registration, both the nuclei and vasculature show continuity and no
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drifting and are vastly improved compared to Figure 6.21(a) and Figure 6.21(b). We

have used both the SSD metric for quantitative evaluation, and maximum projection

and line scan projection images for qualitative evaluation in our previous work [125].

6.5.4 Correction for Three Dimensional Volumetric Data

Our non-rigid registration method using B-splines performs well, especially for

time-series image sets. It also performs well for three dimensional image sets, as suf-

ficient image content is shared between two consecutive images for the registration

similarity metric to successfully match the images. However, one particular issue re-

mains that only affects three dimensional data sets. Since the registration technique

deforms the image so that it most closely matches the preceding image (given the

smoothness constraint), three dimensional objects such as spherical nuclei are de-

formed into cylindrical shapes. To show that we can maintain the three dimensional

topology and structure of cellular objects, we demonstrate our three dimensional cor-

rection on a new image volume of a hepatocyte in the liver of a living rat expressing

GFP-actin.

An example image from this volume is shown in Figure 6.22(a). A maximum

projection of the entire image series before any non-rigid registration is shown in

Figure 6.22(b). Severe misalignment and motion is noticed along the boundary of

the hepatocyte. We first perform non-rigid registration as we have done previously,

and compare these results to those using the method that includes the new correc-

tion for three dimensional data. Maximum projection images without and with the

correction are shown in Figure 6.22(c) and (d), respectively. These projection images

show only very subtle differences between the two results, while both are vast im-

provements over the maximum projection of the original volume. A more convincing

improvement of results with the addition of the three dimensional correction is shown

in Figure 6.22(e)-(f). Here, we overlay the single slice shown in Figure 6.22(a) with

the corresponding single slice from the registered sequence of images, both without
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(a) Example image (b) Maximum projection of original
sequence

(c) Maximum projection without 3-
D correction

(d) Maximum projection with 3-D
correction

(e) Overlay without 3-D correction (f) Overlay with 3-D correction

Fig. 6.22.: Non-rigid registration results with 3-D correction
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and with the three dimensional correction, respectively. In Chapter 5, we argue that

the size and shape of any object is “true” in a single image, and we aim to reduce

the change in size and shape from image to image. We see in Figure 6.22(e) that

the image has been deformed more without the three dimensional correction. By

including the three dimensional correction, the image is more similar to the original

slice, as shown in Figure 6.22(f) since the boundaries of the hepatocyte are closer to

each other. Therefore, even though the maximum projection images are very similar

with both showing incredible reduction of motion artifacts, by including the three

dimensional correction, images are minimally deformed, preserving the “true” size

and shape of structures.

6.6 3-D Active Surfaces

We now divert away from registration and revert back to segmentation and the

method described in Chapter 4. We demonstrate our three dimensional active surface

segmentation method on a volume containing approximately one hundred images of

nuclei acquired from the kidney of a rat. This is the same volume that was initially

introduced in the first section of this chapter. The images in this data set have

been corrupted with noise from a variety of sources, including photon shot noise

and detector noise. This is due to fluorescence microscopy images characteristically

having a low signal-to-noise ratio, reflecting the limited number of photons collected.

The objective is to identify and segment individual nuclei from the three dimensional

volume for future quantification.

We choose ∆t = 1, λin = λout = 1, and α = 1. For our pre-processing step,

we choose r = 3 as the radius of our morphological structuring element. We choose

an initial contour/surface φ0 as a cube encompassing the entire volume. Since it

is difficult to render our three dimensional volume so that nuclei do not occlude

each other while simultaneously demonstrating proper segmentation, we instead show

example slices in the xy, yz, and xz planes. Segmentation results shown as slices from
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(a) xy plane (b) yz plane

(c) xz plane

Fig. 6.23.: Active surface segmentation results

each of the three orthogonal planes are shown in Figure 6.23, with the final active

surface segmenting the nuclei shown in green.

We see in all three orthogonal planes that nuclei are segmented generally with a

circular shape, indicating that the active surfaces in three dimensions are generally

spherical, as expected. These three slices are representative of the segmentation

results for each of the three planes throughout the entire volume.

We compare these results from our current active surfaces method with those from

our proposed segmentation method described in Chapter 2 [68]. This method was

a pseudo-three dimensional segmentation method tasked with the same objective.
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(a) xy plane (b) yz plane

(c) xz plane

Fig. 6.24.: Segmentation results from prior work

Even though the entire series of images forms a three dimensional volume, the images

are acquired slice-by-slice in the xy plane. Similarly, our previous analysis segmented

each slice individually. The series of segmentation results from our previous method

can then be concatenated along the z-axis to form a three dimensional volume.

The corresponding same three slices from the xy, yz, and xz planes shown in

Figure 6.23 are also shown in Figure 6.24 for our previous segmentation method.

When viewed from the xy plane, segmentation results for the two methods are very

similar. However, segmentation results differ significantly for the xz and yz planes

between the two methods. Since our previous method performed segmentation on a
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slice-by-slice basis, it does not simultaneously utilize knowledge about the entire three

dimensional topology of the image volume. Therefore, even though segmentation

results may appear reasonable and acceptable in the xy plane, when concatenated

along the z-axis, the results may be unrealistic in the xz and yz planes.

For example, on the left side of Figure 6.24(b) and at the top of Figure 6.24(c),

corresponding to the top of the image volume, there are many irregularities in the final

segmentation. This is due to the increased background signals arising in the tissue

at the beginning of the image stack, which interferes with the final segmentation.

Additionally, at the lower-right corner of Figure 6.24(a), there is a nucleus that is

fully occluded by the segmentation. This occlusion is due to it being an edge curve,

indicating that this nucleus was not segmented in the xy planes above and below the

displayed xy plane. Obviously, it is unrealistic for a nucleus to appear in a single frame

and not appear in the immediately preceding and superseding planes. The results

shown in Figure 6.23 exhibit none of the aforementioned abnormalities. The active

surfaces method is a native three dimensional segmentation method that utilizes the

entire three dimensional topology at every iteration.
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7. CONCLUSIONS AND FUTURE WORK

Intravital microscopy is a powerful technique for studying physiological processes

in the most relevant context—in the living animal. However, developing assays of

physiological function will require developing novel methods of digital image analysis

that will support quantitative analysis. Insofar as accurate image registration is

prerequisite to quantitative analysis of time-series and volumetric image data, the

development of effective methods of image registration is fundamentally important

to realizing the potential of intravital microscopy as a tool for understanding and

treating human diseases. The techniques described in this thesis will enable new

studies that were previously impossible.

This thesis has described a streamlined and integrated approach to both segment

and register sets of multiphoton microscopy images. In particular, we have inves-

tigated multiple approaches to both segmentation and registration, and integrated

them together into a single workflow.

7.1 Conclusion

This thesis described a comprehensive approach to segment and register multipho-

ton microscopy image data sets, overcoming many of the challenges associated with

optical microscopy. Experimental results indicated that this method is promising in

segmenting objects in time-series data sets as well as data sets comprised of images

acquired at increasing tissue depths. Specifically, the main contributions in the area

of segmentation are:

• We combined well-established image analysis techniques in a novel and unique

way to create integrated segmentation and registration methods for microscopy

images. In particular, we utilize a Bayesian estimation technique for denoising,



100

low-pass filtering to provide blurring, adaptive thresholding to produce binary

images, and morphological filtering for post-processing.

• User interaction may be introduced to modify certain parameters of the anal-

ysis and aid in the segmentation process. These parameters may be adjusted

depending on specific input data sets to produce more desirable results.

• We modify a three dimensional active surface segmentation method to better

handle the characteristics of microscopy volumes. In particular, we reduce and

simplify terms contained within the cost function to reduce the interference

caused by the image noise. Combined with pre- and post-processing techniques,

this segmentation method overcomes many of the challenges associated with

microscopy image volumes including low edge detail, decreasing image contrast

with increasing tissue depth, and increased image noise.

While intravital microscopy has made it possible to apply many of the same tech-

niques that have been productively used in microscopic studies of cultured cells to

studies of single cells in vivo, quantitative analysis is frequently limited by motion ar-

tifacts, which—with the notable exception of the brain—are ubiquitous to intravital

microscopy. Motion artifacts, resulting from respiration and heartbeat, limit reso-

lution and preclude segmentation, which is prerequisite to image quantification. In

addition, many other well-known challenges complicate quantitative analysis of flu-

orescence images collected from living animals. Microscopy volumes are inherently

anisotropic, with aberrations and distortions that vary in different axes. At a larger

scale, contrast decreases with depth in biological tissues. This contrast decrease ag-

gravates a general problem of fluorescence images, which characteristically have low

signal levels. Signal levels are further decreased by the need for high image capture

rates necessary to image dynamic biological structures. It has been demonstrated

that image registration can significantly improve image segmentation performance,

especially with volumetric data [47]. However, images with poor contrast and low

resolution generally preclude registration methods involving landmarks, and decrease
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the ability of intensity-based registration methods to properly identify corresponding

objects across images. Furthermore, biological structures often consist of many dif-

ferent kinds of irregular and complicated structures that are frequently incompletely

delineated with fluorescent probes. With edges of biological structures sparse and

poorly defined, gradient- and edge-based error metrics used in registration methods

will perform poorly. Low contrast and small intensity gradients in multiphoton im-

age volumes cause image analysis and rendering results to be very sensitive to small

changes in parameters, resulting in the failure of typical image registration methods.

Despite all of the challenges discussed, we have described an image registration

method that will aid in future segmentation and other image analysis techniques,

supporting both reconstruction of three dimensional images and quantitative analyses

of images collected in time-series. Specifically, the main contributions in the area of

registration are:

• We demonstrated that a combination of rigid and non-rigid registration tech-

niques is capable of significantly improving the quality of microscope images

collected in time-series or in three dimensions from living animals.

• We extend registration methods to handle challenges imposed by multiphoton

microscopy. Microscopy images are often collected as entire data sets of images.

While typical image registration methods may operate with just a single pair

of images, we extend the methods and utilize registration with an entire data

set often consisting of hundreds of images. Furthermore, these data sets of-

ten contain multi-channel color images. Traditional registration often assumes

grayscale images. Therefore, we develop a metric for color images so that reg-

istration may be used to analyze both single- and multi-channel microscopy

images.

• We have developed and extended a non-rigid registration method that improves

the quality of images collected in intravital microscopy. In particular, we effec-

tively correct for motion artifacts in sequences of intravital microscopy images
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collected in time-series (a series of images acquired sequentially from a single

focal plane in the specimen) or in three dimensional volumes (a progression

of images corresponding to sequential and evenly spaced focal planes looking

deeper in the tissue), based upon a non-rigid registration technique using B-

splines.

• User interaction may be introduced to modify certain parameters of the analysis,

including control point grid spacing and the similarity cost coefficient.

• We extend our non-rigid registration in a multi-resolution fashion to reduce

motion artifacts and improve image alignment, according to both quantitative

SSD and GC metrics and visual evaluation. A two-stage registration process

provides significant improvement to registration accuracy over a single-stage

process. A three-stage registration process allows further improvement in reg-

istration accuracy, but may degrade image quality.

We demonstrate that this registration technique is sufficiently robust to overcome

many of the challenges outlined above, and is paramount to any image analysis to

follow. Experimental results indicated that this method is effective for correcting

motion artifacts in image sequences collected in time-series or in three dimensions,

and is effective for a wide range of tissues including image volumes collected from the

kidney, lung, liver, and salivary gland of living rodents, exemplifying the versatility

of our registration method. With the one exception of the subcellular salivary gland

images, all image sequences utilized identical sets of registration parameters, including

grid point spacing and smoothness penalty cost coefficient. This demonstrates that a

default set of parameters can be chosen to perform reasonably well to register a wide

variety of image sequences. Furthermore, the rigid registration section of our method

has a wide capture radius and has a strong ability to correct large displacements.

The non-rigid registration section of our method is able to correct small to medium

discontinuities. As a result, with the combination of the two, we are able to correct
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a wide range of discontinuities. Therefore, this registration method demonstrates

profound versatility and robustness.

Objective and quantitative evaluation of our results proves to be difficult due to

the lack of ground truth data. The main contributions in the area of segmentation

and registration validation are:

• Evaluation of segmentation results has been initially addressed by imaging the

same specimen from bottom to top and top to bottom, producing flipped vol-

umes.

• We borrow techniques from video compression, specifically motion estimation

and compensation, and use this as a validation tool for our registration meth-

ods. Evaluation of registration results has been initially addressed subjectively

by visually evaluating overlay images, maximum projection images, and line

scan projection images, and objectively by using using block motion estimation

vectors.

Even with the lack of ground truth, the results from these images all contribute

to demonstrating the efficacy of our non-rigid registration method using B-splines.

However, with regard to both segmentation and registration, evaluation of accuracy in

contrast to precision remains difficult as judgments are significantly more subjective

and less objective.

7.2 Future Work

Channel crosstalk and saturation were described as some of the many challenges

imposed by intravital microscopy. We described a technique we termed as green

component clamping as an attempt to address these issues. However, additional work

may be conducted to attempt to reconstruct the true or ideal channels from the

imperfectly isolated channels. For example, the red channel has been described to

often contain structures from all three channels. Therefore, the contributions from
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the green and blue channels must be removed to successfully reconstruct the “true

red” channel.

Reconstruction of these “true” channels may aid with both segmentation and reg-

istration by isolating and separating the individual tissue types and cellular structures

within the image sequences. Segmentation and registration for a specific image may

also be performed on different channels. For example, one channel may contain ob-

jects that should observe no motion, but may not contain the same objects desired to

be segmented. Therefore, this channel is ideal for registration, but the segmentation

process may use a different channel.

Isolation and separation by reconstruction of the “true” channels may also aid

in the segmentation of overlapping objects within the scene. Regarding our three

dimensional active surface segmentation method, one drawback includes having nuclei

that are overlapping each other being segmented as a single object. Future work will

involve identifying these objects as multiple separate nuclei, perhaps by including a

priori shape information.

One drawback of our current non-rigid registration method using B-splines is that

a handful of parameters must be chosen by the user before execution. For exam-

ple, the choice of grid spacing and smoothness penalty coefficient must be manually

selected. The method may be improved by possibly including these manually se-

lected parameters into the optimization process, reducing necessary user input and

interaction. Furthermore, one may examine automated approaches to determine the

appropriate/optimal number of stages in a multi-resolution approach.

It is known that motion artifacts are induced by respiration and heartbeat. Since

these two biological processes are rhythmic and cyclical, the motion artifacts present

in the image sequences also exhibit rhythmic and cyclical patterns. Assuming that it

is possible for these biological processes to be recorded during the image acquisition

process, it may be possible to correlate respiration and heartbeat waveforms with the

registration process. For example, if it is known when the specimen will respire or

exhibit heartbeat contractions, the registration process may know when to specifically
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Fig. 7.1.: Graphical user interface screen shot

expect motion artifacts to occur within the image series and correct these artifacts

accordingly. Additionally, the degree of correction may also be correlated with the

strength or amplitude of the respiration and heartbeat waveforms.

We can further the ambition of this project by implementing our analysis system

as a real-time system. Currently, analysis is performed on image sequences only after

acquisition is completed. Cases can be imagined where the technician performing

the data acquisition may benefit from real-time feedback from the segmentation and

registration analysis. For example, if the analysis is performing poorly, the technician

may be able to alter parameters of the acquisition process in real-time, avoiding the

time and financial costs of possibly requiring additional and repeated data acquisitions

in the future.
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All methods have been implemented either in MATLAB, or in C++ using ITK1.

At the time of development, computational runtime was a secondary concern com-

pared to segmentation and registration performance and accuracy. The future goal of

a real-time implementation corresponds with improving the implementation details

of our system. Biologists are particularly interested in an easy-to-use tool to interact

with our implementation. A graphical user interface (GUI) is currently being de-

veloped as a way for individuals to interact with our segmentation and registration

methods. Thus far, a GUI for the non-rigid registration aspect of our method has

been developed, where a screen shot is shown in Figure 7.1. Future work will include

further developing this graphical user interface to include our segmentation and rigid

registration methods.
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[58] J. Pánek and J. Vohradský, “Point pattern matching in the analysis of two-
dimensional gel electropherograms,” Electrophoresics, vol. 20, no. 18, pp. 3483–
3491, 1999.

[59] T. Akutsu, K. Kanaya, A. Ohyama, and A. Fujiyama, “Point matching under
non-uniform distortions,” Discrete Applied Mathematics, vol. 127, no. 1, pp.
5–21, 2003.

[60] X. Huang, N. Paragios, and D. N. Metaxas, “Shape registration in implicit
spaces using information theory and free form deformations,” IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, vol. 28, no. 8, pp. 1303–
1318, August 2006.

[61] S. Ram, J. J. Rodriguez, and G. Bosco, “Size-invariant cell nucleus segmentation
in 3-D microscopy,” Proceedings of the IEEE Southwest Symposium on Image
Analysis and Interpretation, Santa Fe, NM, 22-24 April 2012, pp. 37–40.

[62] E. B. van de Kraats, G. P. Penney, D. Tomazevic, T. van Walsum, and
W. J. Niessen, “Standardized evaluation methodology for 2-D-3-D registration,”
IEEE Transactions on Medical Imaging, vol. 24, no. 9, pp. 1177–1189, Septem-
ber 2005.



113
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[85] L. Ibáñez, W. Schroeder, L. Ng, and J. Cates, The ITK Software Guide. Kit-
ware, Inc., 2005.
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A. INITIAL SEGMENTATION APPROACH BASED ON

MORPHOLOGICAL MULTI-SCALE ANALYSIS

In this appendix, we describe an earlier method we developed for segmentation of

multiphoton microscopy images. This approach was abandoned in favor of the method

described in Chapter 2. This initial approach discussed here only addresses image

segmentation as motion artifacts were not addressed. Therefore, the results would

not reflect the true motion of just the internal biological structures. However, the

proposed method in Chapter 2 considers both image segmentation and registration.

A.1 Maximum a Posteriori Filtering

The first step in this method is identical to the first step in our proposed seg-

mentation method as described in Section 2.1. This is a Bayesian denoising filter to

reduce noise and enhance edge detail.

A.2 Morphological Filtering and Segmentation

With respect to image segmentation, the initial approach was to consider a grayscale

morphological multi-scale analysis [74], as shown in Figure A.1. Original data images

are provided as the input to the system, shown at the bottom of the figure as xi,

indicating a single image within the data set. Each operator Fk represents a mor-

phological opening followed by a morphological reconstruction, both using the same

structuring element. Morphological reconstruction is a series of repeated dilations of

an image, known as the marker image, until the profile of the marker image is entirely

less than the profile of a second image, known as the mask image. This process causes

the peaks in the marker image to dilate [140]. The marker image is given as the mor-
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Fig. A.1.: Block diagram of morphological multi-scale analysis

phologically opened image, while the mask image is given as the original input image.

Each operator Fk uses a flat, square structuring element of size 2k + 1 × 2k + 1.

Due to the multi-scale structure, subsequent images, lk, extract increasingly larger

objects from the previous gk−1 images. The gk images contain the remaining objects

after objects segmented in lk have been removed.

In selecting which filter outputs should appear in the final output, the analysis was

subjective (leading to this approach later being abandoned). Compositions such as
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l4+l5+l6+g6 and g4 appeared to produce acceptable results. However, the segmented

objects in these composition images often contained small holes. To eliminate these

holes, a single morphological closing operation with a flat, square structuring element

of size 5 × 5 was used. The size of this structuring element was selected empirically.

The resulting image now contained large, undesired dark artifacts. Only the cells

with the greatest intensity are desired. Therefore, a binary image was created by

using a simple thresholding technique, where the threshold was chosen subjectively

to eliminate the dark artifacts and retain the desired cellular objects. From this

binary image, the final output image was created. For black pixels in the binary

image, the corresponding pixels in the output image remain black. For white pixels

in the binary image, the corresponding pixels in the output image are restored to

the corresponding pixels in the original image. Denoting an original image by O, its

corresponding mask by B, then the segmented image F is given by:

F (m,n) = B(m,n)O(m,n) (A.1)

just as was performed in the last step of our proposed segmentation method as de-

scribed in Section 2.7.

It should be noted that this approach is both a causal and memoryless system.

The current output image only depends on the current input image. No dependencies

on previous or future images are created. However, a drawback with this approach

became apparent due to the nature of the data sets being analyzed. In the majority

of the images, individual cells are composed of individual pixels that are not very

contiguous. Images of the cells do not appear as solid objects and often contain many

black pixels interspersed between white pixels. This is due to characteristics of the

image acquisition system. For extreme cases, the morphological opening operations

eliminated all of these cells, and the corresponding images turned out to be essentially

completely black, particularly for beginning and ending images in the sequence.
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A.3 Experimental Results

We demonstrate our morphological multi-scale analysis using the same two data

sets of multiphoton fluorescent microscopy images we initially introduced to demon-

strate our proposed approach in Section 6.1. For these two data sets, one consists of

nuclei from kidney tissue and the second consists of vasculature from the kidney of

a living rat. The decompositions of example images from each of the two data sets

are shown in Figure A.2 and Figure A.3 respectively. Example images displaying the

final segmentation results for both of these two data sets are shown in Figure A.4.

Despite satisfactory segmentation results and sufficient performance for many im-

age sets, results using this approach from other image sets were poor. This is because

the output of this approach—a static composition of several multi-scale layers chosen

empirically—was inconsistent as image intensity varied with tissue depth. Tissue is

not homogeneous, and traditional segmentation techniques have given poor results.

Therefore, due to the lack of ability to dynamically adapt the output according to

image intensity, this approach was abandoned in favor of the approach described in

Chapter 2.
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(a) Original image

(b) Image l1 (c) Image g1 (d) Image l2 (e) Image g2

(f) Image l3 (g) Image g3 (h) Image l4 (i) Image g4

(j) Image l5 (k) Image g5 (l) Image l6 (m) Image g6

Fig. A.2.: Multi-scale decomposition of example image from rat kidney nuclei
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(a) Original image

(b) Image l1 (c) Image g1 (d) Image l2 (e) Image g2

(f) Image l3 (g) Image g3 (h) Image l4 (i) Image g4

(j) Image l5 (k) Image g5 (l) Image l6 (m) Image g6

Fig. A.3.: Multi-scale decomposition of example image from rat kidney vasculature
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(a) Rat kidney nuclei data set (b) Rat kidney vasculature data set

Fig. A.4.: Multi-scale decomposition segmentation results
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