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INTRODUCTION
By their very nature, biological systems are dynamic, and a proper understanding of the cellular and
molecular processes underlying living organisms and how to manipulate them is a prerequisite to combat diseases and improve human health care. One of the major challenges of current biomedical research, therefore, is to unravel not just the spatial organization of these complex systems, but their spatiotemporal relationships [142,42]. Catalyzed by substantial improvements in optics hardware, electronic imaging sensors, and a wealth of fluorescent probes and labeling methods, light microscopy has,
over the past decades, matured to the point that it enables sensitive time-lapse imaging of cells and
even single molecules [150,93,166,100]. These developments have had a profound impact on how research is currently being conducted in the life sciences.
An inevitable consequence of the new opportunities offered by these developments is the fact that the
size and complexity of image data is ever increasing. Nowadays, data sets generated in time-lapse experiments commonly comprise hundreds to thousands of images, each containing hundreds to thousands of objects to be analyzed (see Figure 1 for examples). Needless to say, such huge amounts of
data cannot be digested by visual inspection or manual processing within any reasonable amount of
time. It is now generally recognized that automated methods are necessary, not only to handle the
growing rate at which images are acquired, but, possibly even more importantly, to provide a level of
sensitivity and objectivity that human observers cannot match [97,41].
Roughly speaking, time-lapse imaging studies consist of four successive steps: 1) planning of the experiment and acquisition of the image data, 2) preprocessing of the data to correct for systemic as well
as random errors and to enhance relevant features, 3) analysis of the data by detecting and tracking the
objects relevant to the biological questions underlying the study, and 4) analysis of the resulting trajectories to test predefined hypotheses or detect new phenomena. This chapter addresses each of these
issues (see Figure 2 for a topical overview), from an informatics perspective. It focuses on methodological rather than hardware or software aspects. It gives examples of image processing and analysis methods that have been used successfully for specific applications. The ultimate goal of this chapter
is to prepare the reader to select methods intelligently.
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IMAGE ACQUISITION
Time-lapse imaging experiments involve the acquisition of not only spatial information, but also temporal information, and often spectral information as well, resulting in up to five-dimensional (5D) image data sets (Figure 3). Regardless of the imaging technique used, a careful design of the microscope
setup is imperative, as shortcomings may require additional pre- or postprocessing of the resulting image data or, worse, may lead to artifacts that cannot be removed and that may hamper data analysis.
While it is outside the scope of this chapter to provide detailed guidelines for establishing the right
setup, a few general remarks are made here, concerning the choice of microscopy, spatial dimensionality, and temporal resolution, from the perspective of subsequent data analysis.
Microscope Setup
A fundamental concern in time-lapse imaging experiments, which generally involve living cells and
organisms, is to keep the specimen alive during the acquisition of hundreds or thousands of images
over an extended period of time, ranging from minutes to hours, depending on the research question.
This not only calls for a suitable environment, with controlled temperature, humidity, and a stably
buffered culture medium [49], it also requires economizing light exposure, as living cells are sensitive
to photodamage [133]. In the case of fluorescence microscopy, illumination bleaches fluorophores,
which limits their emission time span and generates free radicals that are toxic for cells.
From an image analysis perspective, on the other hand, two very important factors that determine
whether automated methods can be successfully applied, and that strongly affect their accuracy, are
signal contrast (the difference in intensity between objects and background) and noise (which in light
microscopy is signal dependent). These two factors are usually combined into a single measure: the
signal-to-noise ratio (SNR). Ideally, experiments should be designed so as to maximize this measure in
order to allow robust and accurate automated image analysis, and the only way to accomplish this
would be to maximize light exposure and capture.
These contradictory requirements call for a careful choice of the type of microscopy to be used. This
also depends on the type of objects to be studied, their dimensions, motility, and viability. Living cells
in culture media, for example, produce poor contrast with standard brightfield illumination and often
require contrast enhancing imaging techniques, such as phase-contrast or differential interference contrast microscopy. Intracellular particles are hardly (if at all) visible without contrast enhancement and
are better studied using fluorescence microscopy (cf. Tables 1 and 2). Needless to say, in all cases the
system should make the best possible use of the available light, implying the use of high numerical aperture objectives in conjunction with highly sensitive detectors. In many cases this may also mean that
widefield microscopy is preferable over confocal microscopy [133,49,78], with the proviso that 3D
widefield microscopy requires images to be deconvolved.
In practice, for any biological application, there is often no single best microscope setup. This means
that a compromise will have to be found between sufficient (but not toxic) illumination, and (spatial
and temporal) resolution, so that the maximum number of acceptable images (optical slices and time
frames) can be acquired before the specimen is completely photobleached or damaged [49], where
“acceptable” means having the minimum SNR required by automated image analysis techniques (discussed later in this chapter). To this end, a good understanding of different microscope systems is
needed, for which we refer to excellent introductory texts [100].
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Spatial Dimensionality
One of the fundamental questions to be addressed when setting up an experiment is whether imaging
needs to be performed in two or in three spatial dimensions over time (denoted as 2D+t and 3D+t, respectively, the latter of which is also referred to as 4D). Despite the 4D imaging buzz in the literature,
the vast majority of experiments today are still performed in 2D+t (cf. Tables 1 and 2). Often, this is
due to limitations imposed by photobleaching and phototoxicity, which do not permit wasting light
signal, as occurs in confocal microscopy imaging. In other studies, in particular those addressing intracellular dynamic processes, acquiring multiple optical slices would simply take too much time relative
to the motions of interest, resulting in intrascan motion artifacts. In some cases, for example when
studying cell migration in monolayers [64], or microtubule dynamics in neurons [132], the structures
of interest may be sufficiently flat to allow 2D+t imaging by widefield microscopy to give a good
understanding of a process. The improved light collection and the lower number of optical slices in
such cases yields a better SNR and allows for higher temporal resolution.
Most cellular and intracellular processes, however, occur in three dimensions over time, and require
3D+t imaging in order to obtain a complete picture and fully characterize cell morphodynamics [133].
It is known, for example, that tumor cells treated with drugs that block migration on 2D substrates can
move inside an artificial 3D collagen matrix by means of a very different type of motility [152,166].
Regarding intracellular processes, studies into kinetochore microtubule dynamics [35] have recently
revealed that trajectories obtained from 2D+t imaging may differ significantly from those obtained
from 3D+t imaging and may lead to severe misinterpretation of the underlying processes. These findings suggest that a paradigm shift may be necessary, in that 2D+t imaging studies should always be
preceded by 3D+t experiments confirming their validity. This could be as important as making sure
that fluorescent probes, in fluorescence microscopy imaging, do not alter physiology.
Temporal Resolution
Another issue of great importance in time-lapse experiments is the rate at which images should be acquired over time, also referred to as the temporal sampling rate, or temporal resolution. Ideally, this
should be sufficiently high to capture the relevant details of object motion. However, similar to spatial
dimensionality and resolution, the temporal sampling rate is not an independent parameter that can be
fixed to any desired value, but is constrained by the limited viability of living cells under illumination.
Nevertheless, in view of eventual data analysis, it is important to be aware of possible discrepancies
between theoretically desirable and practically feasible values.
From sampling theory [123] it is known that in order to be able to reconstruct a continuous signal from
a digitized version of it, the latter must have been acquired by sampling at a rate that is at least twice
the maximum frequency component contained in the former. Similar to sampling in space (discussed
in detail elsewhere in this volume), this rate, often called the Nyquist rate, also applies to sampling in
time: true object position as a function of time is a continuous signal, and high-fidelity reconstruction
of this signal and any derivative motion parameters, such as velocity and acceleration, is possible only
if sampling is done at a rate that complies with theory.
Establishing this rate, however, is a chicken-and-egg problem: before sampling, one must already have
knowledge of the velocities to be estimated, which can only be obtained by sampling at a proper rate in
the first place. In practice, a series of experiments at different sampling rates will often be necessary to
arrive at the optimal setting. Several studies can be found in the literature [70,84,35] that discuss temporal resolution for specific applications and that clearly demonstrate how undersampling may have a
Meijering et al.

3/32

Time-Lapse Microscopy Imaging

significant effect on velocity estimation. From the point of view of image analysis it should also be
realized that many automated cell tracking algorithms (cf. Table 1) fail if the displacement between
time frames is larger than the cell diameter [166], especially in the case of cell contact. Similar limitations exist for particle tracking algorithms (cf. Table 2) in the case of high densities or when trying to
characterize Brownian motion from undersampled data.
IMAGE PREPROCESSING
During image acquisition there are many factors that may cause image quality degradation, resulting in
a corrupted representation of reality. First of all, as explained in the previous section, illumination levels must often be kept to a minimum to avoid photobleaching and photodamage, especially in fluorescence microscopy. As a consequence, the SNR in the resulting images is usually very low. Second, any
optical imaging device has limited resolution, due to the diffraction phenomenon, which manifests itself as blurring in the acquired images. Third, especially in widefield microscopy imaging, out-offocus light also contributes to the image, causing a loss of contrast for in-focus objects and contributing to the perception of a blurred image. Finally, even if the microscope setup is perfectly stable, unwanted motion may occur in the specimen. This is the case, for example, when studying intracellular
dynamic processes while the cells themselves are migrating. In this section we briefly discuss methods
developed specifically for reducing these artifacts. A more in-depth discussion of these methods can be
found elsewhere in this volume or in other works [100].
Image Denoising
Any image acquired with a physical device will be contaminated with noise. While different uses of
the word exist, in the context of this chapter we refer to noise as any random fluctuation in image intensity, as opposed to systematic distortions, such as hot or cold pixels in charge-coupled devices
(CCDs), or background shading phenomena, which can be compensated for. In optical microscopy imaging, noise originates from a variety of sources, which may be subdivided into four categories: 1) the
quantum nature of light, which gives rise to photon noise, 2) random electron generation due to thermal vibrations, called thermal noise, 3) random fluctuations in the analog electric signals in the imaging sensors before digitization, referred to as readout noise, and 4) round-off errors introduced by converting the analog signal to a digital one, known as quantization noise. Whereas thermal, readout, and
quantization noise can be made negligible by proper electronic design and careful operating conditions, photon noise (also called shot noise) is inherent to optical imaging and constitutes the limiting
source of random image intensity fluctuation [149,125].
Although noise cannot be avoided during acquisition, it can be reduced afterwards to some degree by
image processing. A wide variety of so-called denoising methods are available for this purpose, which
can be divided into linear versus nonlinear filtering methods. The former consist in linearly weighing
and summing input values in a signal-independent fashion to produce the output values. Examples of
this are uniform local averaging [54] and Gaussian smoothing [151]. While effective in reducing noise,
these methods also blur relevant image structures. To avoid this effect, the blurring must be made signal-dependent, which can be accomplished by using nonlinear methods. The most commonly used example of this is median filtering [50,16,114]. More sophisticated methods that are increasingly being
used also in time-lapse imaging [3,50,145,117,143] are based on the principle of anisotropic diffusion
filtering [101] or wavelet-based denoising [31]. Avoiding blurring near object edges, these methods
usually yield superior results. To remove not only noise but also small-scale image structures, methods
based on gray-level morphology [121] have also been used successfully [1,3].
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Image Deconvolution
Conventional widefield microscopes are designed to image specimens at the focal plane of the objective lens, but they also collect light emanating from off-focus planes, causing reduced contrast of infocus image structures. In confocal microscopes, this off-focus light is largely rejected by the use of
pinholes, resulting in clearer images and increased resolution, both laterally and axially [100]. In either
case, however, diffraction occurs as the light passes through the finite-aperture optics of the microscope, introducing a blurring effect. For a well designed imaging system, this blurring can be accurately modeled mathematically as a convolution of the true incident light distribution with the point
spread function (PSF) of the system [160,18]. If the PSF is known, it is in principle possible to reverse
this operation, at least partially. This is called deconvolution.
A number of methods are available for deconvolution, which vary greatly in computational demand,
the requirement to have accurate knowledge of the PSF, and their ability to not only reduce blur, improve contrast, and increase resolution, but also to suppress noise [116,18,62]. Similar to denoising
methods, they can be divided into linear versus nonlinear methods. The former category includes the
nearest-neighbor and Fourier-based inverse filtering algorithms, which are conceptually simple and
computationally fast, but have the tendency to amplify noise and even introduce artifacts. Generally
they are not recommended, especially when studying small, intracellular structures and dynamic processes. More sophisticated, nonlinear methods involve iterative constrained algorithms, which better
allow enforcing specific behavior. The latter category also includes so-called blind deconvolution algorithms [62], which in contrast with other algorithms do not require knowledge of the PSF, as it is
estimated from the data in the process. Time-lapse imaging of thick samples, such as tissue, may require even more sophisticated, space-variant deconvolution methods [67].
While some authors have advocated to always deconvolve all image data if possible [18], the question
whether deconvolution, as a separate preprocessing step, is really necessary or beneficial depends on
the application. Particularly in studies requiring tracking of subresolution particles, explicit deconvolution seems less relevant, except perhaps when widefield microscopes are used [49,78]. This is because
the localization of such particles, which appear in the images as diffraction-limited spots, can be done
with much higher accuracy and precision than the resolution of the imaging system [105,2,108,138].
Especially when the detection and localization algorithm involves fitting (a model) of the PSF, to some
degree this is in fact deconvolution, carried out implicitly in the process. This probably explains why
most reports on particle tracking do not mention the use of deconvolution.
Image Registration
One of the difficulties frequently encountered in quantitative motion analysis is the presence of unwanted movements confounding the movements of interest. Especially in time-lapse imaging of living
specimen, the movements of the structures of interest are often a superposition of global displacements
and deformations of the specimen and the true local movements [49,50]. For example, in intravital microscopy studies, which involve living animals, the image sequences may show cardiac, respiratory, or
other types of global motion artifacts [40,53,118]. But even in the case of imaging live cell cultures,
the dynamics of intracellular structures may be obscured by cell migration, deformation, or division
[9,16,112,115]. In such situations, prior motion correction is necessary, which can be achieved by
global or local image alignment, also referred to as image registration.
Many image registration methods have been developed over the past decade, for a wide variety of applications, notably in clinical medical imaging [61,56,85,102]. The most important aspects of a registration method, which determine its suitability for a specific registration problem, are the type of inMeijering et al.
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formation (extrinsic or intrinsic) and the measure (such as cross-correlation or mutual information)
used to quantify the similarity of images, the type of geometrical transformations supported (rigid, that
is translation and rotation, versus non-rigid, which also includes scaling and affine or even elastic deformations), and various implementational issues (such as the interpolation, optimization, and discretization strategies used). From the large body of literature on the subject, it was recently concluded
[102] that the currently popular mutual-information based methods are suitable for numerous clinical
applications, but that they may not be the universal cure for all registration problems. Also, specific
implementation choices may have a large influence on the results.
In biological imaging, image registration methods are not as abundant as in clinical medical imaging,
although they are increasingly used in time-lapse microscopy imaging applications. The methods published to date vary greatly in implementation and application. For the tracking of leukocytes in phasecontrast images, for example, normalized cross correlation of edge information was successfully used
to achieve translational background registration [1,40,53]. By contrast, tracking of intracellular particles in fluorescence microscopy image sequences usually requires correction for translation as well as
rotation or even more complex deformations of cells or nuclei, by intensity-based cross correlation
[16] or by using the labeled proteins as landmarks in an (iterative) point-based registration scheme
[17,112,48]. Since, in the case of fluorescence microscopy, large parts of the images often bear no
relevant information, the use of landmarks can indeed be expected to improve the robustness and accuracy of registration [30,131]. However, due to a lack of extensive experimentation with different approaches, there is at present no clear consensus about which method works best.
IMAGE ANALYSIS
The ultimate goal of time-lapse imaging experiments is to gain insight into (intra)cellular dynamic
processes. Inevitably this requires quantitative analysis of motion patterns. Basically there are three
categories of approaches to this problem. The first consists of real-time, single-target tracking techniques. These usually involve a microscope setup containing an image based feedback loop controlling
the positioning and focusing of the system to keep the object of interest in the center of the field of
view [5,12,14,75,106,107,126]. Only a small portion of the specimen is illuminated this way, which
reduces photodamage and allows faster and/or longer imaging. The second category consists of ensemble tracking approaches, such as fluorescence recovery after photobleaching (FRAP), or loss in
photobleaching (FLIP) [80,133]. While powerful in assessing specific dynamics parameters, such as
diffusion coefficients and association/dissociation rates, they are limited to yielding averages over larger populations. The third category, on which we focus here, consists of approaches that aim to track
all individual objects of interest present in the data, and are usually performed off-line.
As pointed out in the introduction of this chapter, the huge amounts of image data generated by timelapse experiments nowadays call for computerized image analysis. Different levels of computerization
exist, ranging from simply facilitating image browsing and manual analysis [19,58,63,137], to manual
initialization followed by automated tracking, to full automation (cf. Tables 1 and 2). In the interest of
time efficiency, objectivity, and reproducibility, the latter is to be preferred. However, due to the large
variety of microscopy imaging techniques and cellular components of interest, the objects to be tracked
may have widely differing or even time-varying appearances in the images. As a consequence, full
automation can usually be achieved only by developing very dedicated algorithms. This explains the
large body of literature on the subject. It also explains why existing commercial tracking software
tools, which, understandably, are developed to be as generally applicable as possible, often fail to yield
satisfactory results for specific tracking tasks.
Meijering et al.
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In this section we discuss published approaches to automated object tracking in time-lapse microscopy
images. A distinction is made between cell tracking and particle tracking. Two different strategies exist
for both problems. The first consists in the identification of the objects of interest in the entire image
sequence, separately for each frame, followed by temporal association, which tries to relate identified
objects either globally over the entire sequence or from frame to frame. In the second strategy, objects
of interest are identified only in a first frame, and are subsequently followed in time by matching or
model evolution. In either case, the algorithms usually include a detection or segmentation stage, and a
temporal association stage. Both are essential in order to be able to perform motion analysis of individual objects. Alternative approaches, based on optic flow, have also been studied [144,11,50,51,94,
127], but these are limited to computing collective cell motion and intracellular particle flows, unless
additional detection algorithms are applied.
Cell Tracking
Cell motility and migration are of fundamental importance to many biological processes [24,34,45,129,
152,166]. In embryonic development, for example, cells migrate and differentiate into specific cell
types to shape different organs. Failures in this process may result in severe congenital defects and diseases. But also in adult organisms, cell movement continues to play a crucial role. In wound healing,
several interrelated cell migration processes are essential in regenerating damaged tissue. The immune
system consists of many different proteins and cells interacting in a dynamic network to identify and
destroy infectious agents. Many disease processes, most notably cancer metastasis, depend heavily on
the ability of cells to migrate through tissue and reach the blood stream. It is because of its importance
for basic cell biology as well as its medical implications that cell migration is a very active field of research. Automated methods for segmenting and following cells over time (Table 1) are becoming essential in quantifying cell movement and interaction under normal and perturbed conditions.
Cell Segmentation

The simplest approach to separate cells from the background is to apply intensity thresholding. This
involves only a single parameter, which can be set manually or derived automatically from the data,
based on the intensity histogram. While used in many cell tracking algorithms [29,44,76,82,84,87,139,
162], this approach will be successful only if cells are well separated and their intensity levels differ
markedly and consistently from the background. In practice, however, this condition is often not met.
In phase-contrast microscopy, for example, cells may appear as dark regions surrounded by a bright
halo, or vice versa, depending on their position relative to the focal plane. In the case of fluorescence
microscopy, image intensity may fall as a function of time due to photobleaching. While the situation
may be improved by using adaptive thresholding or some sort of texture filtering [8,32,130,157],
thresholding based on image intensity alone is generally not recommended.
A fundamentally different approach to cell detection and segmentation that is particularly relevant to
phase-contrast or differential interference contrast microscopy, is to use a predefined cell intensity profile, also referred to as a template, to be matched to the image data. This works well for cells that do
not change shape significantly, such as certain blood cells or algal cells [66,161]. However, most cell
types are highly plastic and move by actively changing shape. Keeping track of such morphodynamic
changes would require the use of a large number of different templates, which is impractical from the
point of view of both algorithm design and computational demands.
Another well-known approach to image segmentation is to apply a so-called watershed transform
[148,55]. By considering the image as a topographic relief and by flooding this relief from the local
minima, this transform completely subdivides the image into regions and delimiting contours, which,
Meijering et al.
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by analogy, are termed catchment basins and watersheds, respectively. This is a simple yet intuitively
sensible method for which fast implementations exist that can easily be parallelized. The basic algorithm has several notorious drawbacks, however, such as sensitivity to noise and the tendency to yield
oversegmentation [55], which call for carefully designed pre- and postprocessing strategies in order to
achieve acceptable results. By using marking, gradient-weighted distance transformation, and modelbased merging methods, several authors have successfully applied the watershed transform to cell segmentation in microscopy [3,57,79,86,151,159].
Currently there is an increasing interest in the use of deformable models for cell segmentation [27,33,
37,69,96,109,111,117,124,164,165,166]. These are closed fronts, usually parametric active contours or
“snakes” [68] in 2D and implicit active surfaces or level sets [122] in 3D, which iteratively evolve in
the image domain to optimize a predefined energy functional. Typically this functional consists of both
image-related terms and image-independent terms. The former may contain statistical measures of intensity and texture in the region enclosed by the front, or gradient magnitude information along the
front. Image-independent terms concern properties of the shape itself represented by the front, such as
boundary length or surface area, curvature, and the similarity to reference shapes. It is this mixture of
terms, which enables flexible incorporation of both image information and prior knowledge, that
makes deformable models easily adaptable to specific applications [37,166].
Cell Association

Several strategies exist to perform interframe cell association. The simplest is to associate each segmented cell in one frame with the nearest cell in a subsequent frame, where “nearest” may not only
refer to spatial distance [25,29,32,36,70,82,87], for example between boundary points or centroid positions, but also to similarity in terms of average intensity, area or volume, perimeter or surface area, major and minor axes orientation, boundary curvature, angle or velocity smoothness, and other features
[23,40,44,76,83]. Generally, the more features, the lower the risk of ambiguity. However, matching a
large number of features may be similarly restricting as template matching [1,8,71,155], as cell shape
changes between frames can be less easily accommodated. Some applications, on the other hand, may
not require keeping track of cell shape features, and in such cases robust tracking of just cell center
position may be achieved by (coupled) mean-shift processes [28,159].
The increasing interest in deformable model approaches, mentioned above, can be attributed not only
to their flexibility in performing cell segmentation. By construction, they also lend themselves naturally to capturing both cell migration and cell shape changes over time [166]. At any time, the contours
or surfaces obtained in the previous frame of an image sequence can be used as initialization for the
segmentation process in the current frame [37,77,96,164]. When using standard algorithms, however,
this usually works well only if cell displacements are limited to at most one cell diameter from frame
to frame [37,109]. Otherwise, more sophistication is required, such as the use of gradient-vector flows
[111,109,158,164] or the incorporation of known or estimated dynamics [27,124].
Concerning the choice of explicitly defined models (parametric active contours) versus implicitly defined models (through level sets), recent research efforts have shown a preference towards the latter,
since they can easily handle topological changes, such as cell division, and can readily be extended to
deal with higher-dimensional image data [37]. In either case, however, several adaptations to the standard algorithms are usually necessary to be able to simultaneously track multiple cells and to properly
handle cell contacts, appearances, and disappearances. While this is certainly feasible [37,96,111,
164], it usually introduces a number of additional parameters that must be tuned empirically for each
specific application, which potentially increases the risk of errors and reduces reproducibility. In turn,
this may require postprocessing steps to validate tracking results [110].
Meijering et al.
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Particle Tracking
The ability of cells to migrate, perform a variety of specialized functions, and to reproduce, is the result of a large number of intracellular processes involving thousands of differently sized biomolecular
complexes, collectively termed “particles” in this chapter. Since many diseases originate from a disturbance or failure of one or more of these processes, they constitute the subject of intense current research, by academic institutes as well as pharmaceutical companies. Visualization of intracellular particles has become possible only relatively recently, with the advent of fluorescent probes [81,95].
Combined with time-lapse optical microscopy imaging they enable studying the dynamics of virtually
any protein in living cells. Automated image analysis methods for detecting and following fluorescently labeled particles over time (Table 2) are becoming indispensable in order to take full advantage
of the image data acquired for such studies [93].
Particle Detection

In fluorescence microscopy imaging, the particles of interest are never observed directly, but their position is revealed indirectly by the fluorescent molecules attached to them. Typically these fluorophores are cylindrically shaped molecules having a length and diameter on the order of a few nanometers
only. In most experimental cases it is unknown how many fluorescent molecules are actually attached
to the particles of interest. Commonly, however, a fluorescently labeled particle will be much smaller
than the optical resolution of the imaging system. Even though recent advances in light microscopy
have opened the way to imaging with significantly improved resolution [13,38,59,60,113], the resolution of most confocal microscopes currently in use today is limited to around 200 nm in-plane and
around 600 nm axially. Therefore, fluorescently labeled particles effectively act as point light sources,
and consequently they appear in the images as diffraction-limited spots, also called foci.
The question to what accuracy single particles can be localized, and to what extent multiple particles
can be resolved, has been the subject of several recent studies [2,98,105,108,138]. From these studies it
follows that localization accuracy and resolvability depend on a number of factors. If magnification
and spatial sampling are properly matched to satisfy the Nyquist criterion, the limiting factor is the
SNR, or effectively the photon count, with higher photon counts yielding higher accuracy and resolvability. The consensus emerging from these studies seems to be that for single particles, a localization
accuracy of around 10 nm is achievable in practice. Estimation of the distance between two particles is
possible with reasonable levels of accuracy for distances of about 50 nm and larger. Smaller distances
can be resolved but with rapidly decreasing accuracy. In order to improve accuracy in such cases, the
number of detected photons would have to be increased substantially, which is typically not possible in
time-lapse imaging experiments without causing excessive photobleaching.
A number of approaches to particle detection and localization exist. Similar to cell segmentation, the
simplest approach to discriminate between objects and background is to apply intensity thresholding.
The localization of a particle is often accomplished by computing the local centroid, or center of intensity, of image elements with intensity values above a certain threshold [6,16,52,78,83,103,156].
Clearly, such threshold-based detection and localization will be successful only in cases of no or very
limited photobleaching, unless some form of time-adaptive thresholding is applied. More robustness
can be expected from using the intensity profile of an imaged particle in one frame in a template
matching process to detect the same particle in subsequent frames [46,135]. This approach can be
taken one step further by using a fixed template representing the theoretical profile of a particle. In the
case of diffraction-limited particles, this profile is in fact the PSF of the microscope, which in practice
is often approximated by the Gaussian function [4,72,73,163]. Extensions of this approach involving
Meijering et al.
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Gaussian mixture model fitting for detecting multiple, closely positioned particles simultaneously have
also been reported [35,136]. For larger particles with varying shapes and sizes, detection schemes using wavelet-based multiscale products have been successfully applied [47,99].
In a recent study [22], several common algorithms for particle detection/localization were quantitatively compared as a function of SNR and object diameter, in terms of both accuracy (determinate errors or bias) and precision (indeterminate errors). The algorithms included two threshold-based centroid detection schemes, Gaussian fitting, and template matching using normalized cross-correlation or
the sum of absolute differences as similarity measures. It was concluded that for particles with diameter less than the wavelength, Gaussian fitting is the best approach by several criteria. For particles having much larger diameter, cross-correlation based template matching appears to be the best choice. It
was also concluded that the SNR constitutes the limiting factor of algorithm performance. As a rule of
thumb, the SNR should be at least 5 in order to achieve satisfactory results using these algorithms.
Subsequent evaluation studies [20] even mentioned SNR values of 10 and higher. Since such levels are
quite optimistic in practice, especially in time-lapse imaging experiments, the quest for more robust
detection schemes is likely to remain for some time to come.
Particle Association

Similar to cell association, the simplest approach to particle association is to use a nearest-neighbor
criterion, based on spatial distance only [6,52,54,73,78,88]. While this may work well in sparse specimen, containing very limited numbers of well spaced particles, it will fail to yield unambiguous results
in cases of higher particle densities. In order to establish the identity of particles from frame to frame
in such cases, additional cues are necessary. When tracking subresolution particles, for example, the
identification may be improved by taking into account intensity and spatiotemporal features such as
velocity and acceleration, as estimated from previous frames [4,9,120]. Larger particles may also be
distinguished by using spatial features such as size, shape, or orientation [156]. In the limit, matching a
large number of spatial features is similar to performing template matching [16,35].
Rather than finding the optimal match for each particle on a frame-by-frame basis, the temporal association problem may also be solved in a more global fashion. Such an approach is especially favorable
in more complex situations of incomplete or ambiguous data. For example, particles may temporarily
disappear, because they move out of focus for some time, or, as in the case of quantum dots, the fluorescence of the probe is intermittent. In the case of single particles, or limited numbers of well-spaced
particles, this problem has been solved by translating the tracking task into a spatio-temporal segmentation task and finding optimal paths through the entire data [15,115].
The problem becomes more complicated, however, in the case of high particle densities and the possibility of particle interaction. For example, two or more subresolution particles may pass or approach
each other so closely at some point in time that they appear as a single spot that cannot be dissolved by
any detector, and they may separate at some later time to form multiple spots again. Keeping track of
all particles in such cases requires some form of simultaneous association and optimization. Several
authors [120,135,136,146] have proposed to solve the problem using graph-theoretic approaches, in
which the detected particles and all possible correspondences and their likelihoods together constitute
a weighted graph, and the subgraph representing the best overall solution is obtained by applying a
global optimization algorithm.
Most particle tracking algorithms published to date are deterministic, in the sense that they make hard
decisions about the presence or absence of particles in each image frame, and the correspondence of
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particles between frames. There is now an increasing interest in the use of probabilistic approaches
[47,128] to reflect the uncertainty in the image data. Typically, these approaches consist of a Bayesian
filtering framework, and involve models of object dynamics, to be matched to the data. It has been argued that incorporating assumptions about the kinematics of object motion is risky in biological tracking, as little is known about the laws governing the motion, and the purpose of tracking is to deduce
this [8]. However, biological investigation is an iterative endeavor, leading to ever refined models of
cellular and molecular structure and function, and it makes sense at each iteration to take advantage of
the knowledge acquired in previous iterations.
TRAJECTORY ANALYSIS
The final stage in any time-lapse microscopy imaging experiment is the analysis of the trajectories resulting from cell or particle tracking, to confirm or reject predefined hypotheses about object dynamics, or to discover new phenomena. Qualitative analysis by visual inspection of computed trajectories
may already give hints about trends in the data, but usually does not provide much more information
than can be obtained by directly looking at the image data itself, or projections thereof. Quantitative
analyses of the trajectories are required in order to achieve higher sensitivity in data interpretation and
to be able to perform statistical tests. Of course, what parameters to measure and analyze depends very
much on the research questions underlying a specific experiment. Here we briefly discuss examples of
measurements frequently encountered in the literature.
Geometry Measurements

Once the objects of interest in an image sequence are detected, segmented, and associated, a multitude
of measures concerning the geometry of the resulting trajectories as well as the objects themselves can
readily be computed. An example is the maximum relative distance to the initial position reached by
the object [27,28,57]. Other examples are the length of the trajectory, or the total distance traveled by
the object, and the distance between start and end point, or the net distance traveled [12]. The latter
measures relate to the so-called McCutcheon index [32,91], which is often used in chemotaxis studies
to quantify the efficiency of cell movements, and is defined as the ratio between the net distance
moved in the direction of increasing chemoattractant concentration and the total distance moved. Derived parameters, such as the directional change per time interval and its autocorrelation [129,154], are
indicative of the directional persistence and memory of a translocating cell. Information about the cell
contour or surface at each time point allow the computation of a variety of shape features, such as diameter, perimeter and area, or surface area and volume, circularity or sphericity, convexity or concavity [129], elongation or dispersion [33], and their changes over time.
Diffusivity Measurements

A very frequently studied parameter, especially in particle tracking experiments, is the mean square
displacement (MSD) [4,6,16,35,54,72,74,78,89,115]. It is a convenient measure to study the diffusion
characteristics of the motion of individual particles [104,119,134] and also allows to assess the viscoelastic properties of the media in which they move [140,141,134]. By definition, the MSD is a function
of time lag, and the shape of the MSD-time curve for a given trajectory is indicative of the mode of
motion of the corresponding particle (Figure 4). For example, in the case of pure or normal diffusion
by thermally driven Brownian motion, the MSD will increase linearly as a function of time, where the
diffusion constant determines the slope of the line. In the case of flow or active transport, on the other
hand, the MSD will increase more rapidly and in a nonlinear fashion. The contrary case of anomalous
subdiffusion, characterized by a lagging MSD-time curve compared to normal diffusion, occurs if the
motion is not free but impeded by obstacles. Confined motion, caused by corrals or tethering or other
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restrictions, manifests itself by a converging curve, where the limiting MSD value is proportional to
the size of the region accessible for diffusion. Mathematically, the MSD is the second-order moment of
displacement. A more complete characterization of a diffusion process is obtained by computing all
moments of displacement up to some order [43,120].
Some prudence is called for in diffusivity measurements. In isotropic media, where the displacements
in each of the three spatial dimensions may be assumed to be uncorrelated, the 2D diffusion coefficient
is equal to the 3D diffusion coefficient [134]. In practical situations, however, it may be unknown a
priori whether isotropy can be assumed. In this context we recall our warning remarks regarding 2D
versus 3D motion analysis [35,152,166] and stress again the importance of experimental verification of
one’s assumptions. Furthermore, the diffusivity of a particle may depend on the diameter of the particle compared to the microstructure of the biological fluid in which it moves. Here, a distinction must
be made between microscopic, mesoscopic, and macroscopic diffusion [134]. Also, in the case of normal diffusion, the relation between the slope of the MSD-time line and the diffusion constant strictly
holds only for infinite trajectories [104]. The shorter the trajectories, the larger the statistical fluctuations in the diffusivity measurements, and the higher the relevance of studying distributions of diffusion constants rather than single values. But even for very long trajectories, apparent subdiffusion patterns may arise at short time scales, caused solely by the uncertainty in particle localization in noisy
images [89]. Finally, care must be taken in computing the MSD over an entire trajectory, as it may obscure transitions between diffusive and nondiffusive parts [119].
Velocity Measurements

Another commonly studied parameter in time-lapse imaging experiments is velocity [10,29,32,57,90,
127,153]. It is computed simply as distance over time. Instantaneous object velocity can be estimated
as the distance traveled from one frame to the next divided by the time interval. Average velocity, also
referred to as curvilinear velocity, is then computed as the sum of the frame-to-frame distances traveled, divided by the total time elapsed. If the temporal sampling rate is constant, this is the same as averaging the instantaneous velocities. The so-called straight-line velocity, another type of average velocity, is computed as the distance between the first and last trajectory position divided by the total
elapsed time. The ratio between the latter and the former, known as the linearity of forward progression [70,84,162], is reminiscent of the McCutcheon index mentioned above. Histograms of velocity
[10,32, 88,104,144,145,146] are often helpful in gaining insight into motion statistics. Object acceleration can also be estimated from velocity but is rarely studied [129].
Several warning remarks are in order regarding velocity estimation. In the case of cell tracking, motion
analysis is tricky, due to the possibility of morphological changes over time. Often, to circumvent the
problem, a center position is tracked [25,29,45,63,70,83,84,153,162]. In the case of highly plastic cells,
however, centroid based velocity measurements can be very deceptive [129]. For example, an anchored cell may extend and retract pseudopods, thereby continuously changing its centroid position
and generating significant centroid velocity, while the cell is not actually translocating. In the contrary
case, a cell may spread in all directions at high velocity in response to some stimulant, while the cell
centroid position remains unchanged. Another warning concerns the accuracy of velocity estimation in
relation to the temporal sampling rate [129]. The higher this rate, the more detailed the movements are
captured, and the closer the velocity estimates will approach the true values. Statistically speaking, as
the sampling rate decreases, velocities will on average be increasingly underestimated.
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SAMPLE ALGORITHMS
In the previous section we have drawn a fairly complete but perhaps somewhat superficial picture of
existing methodologies for cell and particle tracking. Space limitations do not permit us to provide a
detailed discussion of the pros and cons of all of these methods for different applications. Nevertheless,
in order to better appreciate the intricacies of the tracking problem and some of the solutions that have
been proposed, we now describe two specific algorithms in more detail, one for cell tracking and one
for particle tracking applications. Rather than presenting relatively simple algorithms, which may be
easy to understand and implement, but which are likely to show poor performance in practice, we have
chosen to briefly describe the main steps of the currently most promising but necessarily more involved cell and particle tracking algorithms. Both are based on the use of models.
Cell Tracking

Possibly the most extensively studied approach to image segmentation in recent years is the use of
level-set methods [122]. These methods have also been explored for cell segmentation and tracking
[37,39,96], with promising initial results. In contrast with most classical model-based approaches,
which involve cumbersome explicit representations of objects by marker points and parametric contours or surfaces [68,92], these methods conveniently define object boundaries in an implicit way as
the zero-level set of a scalar function, denoted by φ(.) here. This level-set function is defined such that
φ(x) > 0 when x lies inside the object, φ(x) < 0 when x is outside the object, and φ(x) = 0 at the object
boundary, where x denotes position within the image domain. The important advantages of this representation over explicit representations are its topological flexibility and its ability to handle data of any
dimensionality without the need for dedicated modifications.
The idea of level-set based image segmentation is to iteratively evolve the level-set function φ(.) so as
to minimize a predefined energy functional. In principle, it is possible to define φ(.) in such a way that
its zero-level includes the boundaries of all objects of interest in the image, and to evolve these
boundaries concurrently by evolving this single function. However, in order to have better control over
the interaction between object boundaries when segmenting multiple cells, and to conveniently keep
track of individual cells, it is advisable to define a separate level-set function, φi(.), for each object, i =
1,…,N. Using this approach, we can define the energy functional as, for example:

E (φ1 ,..., φ N ) =

N

∫ ∑ [αδ (φi (x)) |∇φi (x)| + H (φi (x))ei (x) +

Ω i =1

e0 ( x)

1
N

N

∏ (1 − H (φj (x)))
j =1

]

+ γ ∑ H (φi (x)) H (φ j ( x)) dx
i< j

(1)

where δ(.) is the (regularized) Dirac delta function, H(.) denotes the (regularized) Heaviside step function, α and γ are positive parameters, the integral is over the entire image domain, denoted by Ω, and
the ei(.) are object energy functions, with e0(.) denoting the background energy function. The modelbased aspect of the level-set approach lies primarily in the latter functions.
The core of this equation consists of four terms, with intuitive meaning: the first, with weight α, boils
down to the magnitude of the object boundary (contour length in 2D and surface area in 3D), the second term adds energy values for positions inside the boundary, the third is the total background energy,
and the fourth, with weight γ, is a penalty term for overlapping boundaries. The formula for iterative
evolution of the level-set functions corresponding to the N objects follows from the Euler-Lagrange
equations associated with the minimization of the functional (1):
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[

∂φi ( x) = δ (φi (x)) α∇ ⋅

∇φi (x)
− ei (x) + e0 (x)∏ (1 − H (φj ( x))) − γ ∑ H (φj (x)) ∂τ
| ∇φi (x) |
j ≠i
j ≠i

]

(2)

where ∂τ denotes the step size in artificial (evolution) time; that is, for segmentation of a single image
frame [21], not to be confused with the real time interval between image frames. Once the energy functional is minimized, and thus a segmentation has been obtained for a given image frame, the resulting
level-set functions can be used to compute any morphological feature of interest, and can also serve as
initialization for the minimization procedure for the next image frame.
In summary, the main steps of a level-set based tracking algorithm, and the associated points of attention concerning its application to multiple cell tracking in time-lapse microscopy, are:
1. Define the object and background energy functions, ei(.) and e0(.), respectively. These functions
mathematically describe the deviation of object and background features from their desired values.
This allows one to incorporate prior knowledge about cell and background appearance. In practice,
it often suffices to model appearance in terms of simple image statistics, such as the deviation from
the mean intensity within the cell or background, and intensity variance.
2. Specify the parameters α and γ. These determine the influence of the boundary magnitude and
overlap penalty terms, respectively, relative to the object and background energy terms in the total
energy functional (1), and are necessarily application dependent. Optimal values for these parameters will have to be obtained by experimentation.
3. Segment the first image of the sequence. This is done by defining a single level-set function φ(.)
and evolving it according to the single-object version of (2) until convergence. Since proper initialization is crucial to achieve fast convergence and to arrive at the global optimum, the initial
level-set function must be chosen as close as possible to the true boundaries. For example, one
could apply a simple segmentation scheme, and initialize φ(.) based on the outcome.
4. Initialize the level-set functions in the first image of the sequence. Cell objects are obtained by
finding connected components in the segmentation resulting from step 3. For each detected object
Oi, a level-set function φi(.) is computed from the signed distance function applied to the boundaries of Oi, with positive values inside and negative values outside Oi.
5. Evolve the level-set functions φi(.) concurrently according to (2) until convergence. The time step
∂τ > 0 in the discretized version of the evolution equation should be chosen with care. Too small
values may cause unnecessarily slow convergence. Conversely, too large values may cause object
boundaries to be missed. In practice, values between 0.01 and 0.1 give satisfactory results. To
speed up the computations, one could choose to update the level-set functions only for positions x
in a narrow band around the current zero-level sets, for which φi(x) = 0.
6. Detect incoming and dividing cells. An additional level-set function could be used to detect cells
that enter the field-of-view from the boundaries of the image. Cell division could be detected by
monitoring cell shape over time. Drastic morphological changes are indicative of approaching division. If, just after such an event, a level-set function contains two disconnected components, one
could decide to replace the function by two new level-set functions.
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7. Initialize the level-set functions for the next frame of the sequence. This can be done simply by
taking the functions from the previous frame. Notice that in order for this approach to work, in
practice, cells should not move more than their diameter from frame to frame. To prevent the levelset functions from becoming too flat, in some cases it may be advantageous to reinitialize them to
the signed distance to their zero-level after a fixed number of iterations.
8. Repeat steps 5-7 until all frames of the image sequence are processed. The resulting level-set functions φi(.) as a function of real time enable estimation of the position and morphology of the corresponding cells for each frame in the sequence.
Sample results with specific implementations of this algorithm [37,39] applied to the tracking of the
nuclei of proliferating HeLa and Madin-Darby canine kidney (MDCK) cells are shown in Figure 5.
Particle Tracking

An interesting and promising approach to particle tracking that we have recently been experimenting
with [47,128] is to cast the temporal association problem into a Bayesian estimation problem. In general, Bayesian tracking deals with the problem of inferring knowledge about the true state of a dynamic
system, based on a sequence of noisy measurements, or observations. The state vector, denoted by xt,
contains all relevant information about the system at any (real) time t, such as position, velocity, acceleration, intensity, and shape features. Bayesian filtering consists in recursive estimation of the timeevolving posterior probability distribution p(xt|z1:t) of the state xt, given all measurements up to time t,
denoted as z1:t. Starting with an initial prior distribution, p(x0|z0), with z0 = z1:0 being the set of no
measurements, the filtering first predicts the distribution at the next time step:

p (x t | z1: t −1 ) = ∫ D ( xt | xt −1 ) p (xt −1| z1:t −1 ) dxt −1

(3)

based on a Markovian model, D(xt|xt–1), for the evolution of the state from time t–1 to time t. Next, it
updates the posterior distribution of the current state by applying Bayes’ rule:
p (xt | z1: t ) ∝ L( z t | xt ) p (xt | z1:t −1 )

(4)

using a likelihood, L(zt|xt), which models the probability of observing zt given state xt. The power of
this approach lies not only in the use of explicit dynamics and observation models, but also in the fact
that at any time t, all available information up to that time is exploited.
The above recurrence relations are analytically tractable only in a restricted set of cases, such as when
dealing with linear dynamic systems and Gaussian noise, for which an optimal solution is provided by
the so-called Kalman filter. In most biological imaging applications, where the dynamics and noise can
be expected to be nonlinear and non-Gaussian, efficient numerical approximations are needed, which
are provided by sequential Monte Carlo (SMC) methods, such as the CONDENSATION algorithm [65]. In
that case, the posterior distribution is represented by Ns random state samples and associated weights:
Ns

(

p (x t | z1: t ) ≈ ∑ wt(i ) δ xt − xt(i )
i =1
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where δ(.) is the Dirac delta function, and the weights wt(i) of the state samples xt(i) sum to 1. The problem of tracking large numbers of objects using this framework is conveniently solved by representing
the filtering distribution by an M-component mixture model [147]:
p( xt | z1:t ) =

M

∑ ωm,t pm (xt | z1:t )

(6)

m =1

where the weights ωm,t of the components pm sum to 1, the total number of samples is N = M Ns, and
each sample is augmented with a component label, denoted by ct(i), with ct(i) = m if state sample i belongs to mixture component m. This representation is updated in the same fashion as the single-object
case. At each time step, statistical inferences about the state, such as the expected value, or the maximum a posteriori (MAP) or minimum mean square error (MMSE) values, can easily be approximated
from the weighted state samples for each object.
In summary, the main steps of an SMC-based tracking algorithm, and the associated points of attention
concerning its application to multiple particle tracking in time-lapse microscopy, are:
1. Define the state vector xt. In most experimental situations it will be sufficient to include position
(xt, yt, zt), velocity (vx,t, vy,t, vz,t), acceleration (ax,t, ay,t, az,t), and intensity (It).
2. Define the state evolution model D(xt|xt–1). This model mathematically describes the probability of
a particle to jump from the previous state xt–1 to state xt. It allows one to incorporate prior knowledge about the dynamics of the objects to be tracked and is therefore necessarily application dependent. An example of such a model is the Gaussian weighted deviation of xt from the expected
state at time t based on xt–1 (for instance, expected position at time t based on velocity at time t–1,
and expected velocity at t based on acceleration at t–1). This framework also permits the use of
multiple interacting models to deal with different types of motion concurrently (such as random
walk, or directed movement, with constant or changing velocity). Notice that having It as part of
the state vector allows one to also model the evolution of particle intensity (photobleaching).
3. Define the observation model L(zt|xt). This model mathematically describes the likelihood or probability of measuring state zt from the data, given the true state xt. It allows one to incorporate
knowledge about the imaging system, in particular the PSF, as well as additional, static object information, such as morphology. Such a model could, for example, be defined as the Gaussian
weighted deviation of the total measured intensity in a neighborhood around xt, from the expected
total intensity based on a shape model of the imaged objects, and from the background intensity,
taking into account the noise levels in the object and the background.
4. Specify the prior state distribution p(x0|z0). This can be based on information available in the first
frame. For example, one could apply a suitable detection scheme to localize the most prominent
particles, and for each detected particle add a Gaussian shaped mixture component pm with weight
ωm,0 proportional to size or intensity. Each component is then sampled Ns times to obtain state
samples xt(i) and associated weights wt(i) for that component. The detection step does not need to be
very accurate: false positives will rapidly be filtered out as the system evolves.
5. Use the posterior state distribution p(xt–1|z1:t–1) at time t–1 to compute the predicted state distribution p(xt|z1:t–1) at time t according to (3), and subsequently use this prediction to compute the updated posterior state distribution p(xt|z1:t) according to (4). Effectively this is done by inserting
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each sample xt–1(i), i = 1,…,N, into the state evolution model, taking a new sample from the resulting probability density function to obtain xt(i), and computing the associated weight wt(i) from wt–1(i)
based on the likelihood and dynamics models and an auxiliary importance function. A penalty
function can be used to regulate particle coincidence.
6. Update the sample component labels ct(i). This step is necessary if particle merging and splitting
events are to be captured. It involves the application of a procedure to recluster the state samples
from the M mixture components to yield M' new components. This procedure can be implemented
in any convenient way and allows one to incorporate prior knowledge about merging and splitting
events. In the simplest case one could apply a K-means clustering algorithm.
7. Update the mixture component set and the corresponding weights ωm,t. To determine whether particles have appeared or disappeared at any time t, one could apply some detection scheme as in step
4 to obtain a particle probability map, and compare this map to the current particle distribution, as
follows from the posterior p(xt|z1:t). For each appearing particle, a new mixture component is added
with predefined initial weight ωb. Components with weights below some threshold ωd are assumed
to correspond to disappearing particles and are removed from the mixture. The weights ωm,t are
computed from the ωm,t–1 and the weights wt(i) of the state samples.
8. Repeat steps 5-7 until all frames of the image sequence are processed. The resulting posterior state
distributions pm(xt|z1:t) enable estimation of the states of the corresponding particles at any t.
Sample results with a specific implementation of this algorithm [128] applied to the tracking of microtubule plus-ends in the cytoplasm and androgen receptor proteins in the cell nucleus are shown in Figure 6. Experiences with an alternative but related Bayesian filtering algorithm [47] applied to the tracking of cytoplasmic and nuclear HIV-1 complexes can be found in [7].
SUMMARY OF IMPORTANT POINTS
In this chapter we have sketched the current state of the art in time-lapse microscopy imaging, from the
perspective of automated image processing and analysis, in particular cell and particle tracking. While
it is clear that biological investigation is increasingly relying on computerized methods, it also follows
from the plethora of published works discussed here that such methods are still very much in their infancy. Although there is a growing consensus about the strengths and weaknesses of specific approaches, there is currently no single best solution to the problem in general. On the contrary, the main
conclusion emerging from the literature is that with currently available image processing and analysis
methodologies, any given tracking application requires its own dedicated algorithms to achieve acceptable results. Nevertheless, a number of important points follow from the collective experiences
reported to date, and we conclude this chapter by summarizing them. They are listed here in the order
in which they follow from the discussions in the main text.

1.
2.
3.
4.
5.
6.
7.
8.

Living cells are sensitive to photodamage and require economizing light exposure.
Success rates of automated image analysis generally increase with increasing SNR.
Time-lapse microscopy involves trading SNR against spatial and temporal resolution.
Biological processes occur in 3D+t and should preferably be studied as such.
Studies in 2D+t should be accompanied by 3D+t experiments confirming their validity.
Sampling theory applies not only to sampling in space but also to sampling in time.
Nonlinear filtering methods allow reducing noise while preserving strong gradients.
Deconvolution of time-lapse microscopy imaging data is not always necessary.
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9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.

Object motion is often a superposition of global and true local displacements.
Correction for global motion can be accomplished by image registration methods.
Object tracking requires dedicated detection, segmentation, and association methods.
Optic flow methods can be used to compute collective cell motion and particle flows.
Image intensity thresholding alone is generally not recommended for segmentation.
Template matching works best for objects that do not change shape significantly.
Watershed based segmentation requires careful pre- and postprocessing strategies.
Deformable models allow easy use of both image information and prior knowledge.
By design, deformable models are very suitable for capturing morphodynamics.
Implicitly defined models are generally more flexible than explicitly defined models.
In fluorescence microscopy, objects are observed only indirectly, via fluorescent probes.
Fluorescent (nano)particles act as point light sources and appear as PSF-shaped spots.
Particle localization accuracy and resolvability depend strongly on photon count.
For single particles, a localization accuracy of around 10 nm is achievable in practice.
Two particles are resolvable with reasonable to good accuracy for distances > 50 nm.
Gaussian fitting is most suitable for detecting particles with diameter < wavelength.
Template matching is most suitable for detecting particles with diameter >> wavelength.
For most particle detection methods the SNR must be > 5 to achieve satisfactory results.
Reliable temporal association usually requires more criteria than just spatial distance.
Tracking of many closely spaced particles requires some form of joint association.
Probabilistic tracking methods naturally reflect the uncertainty in the image data.
Models of object dynamics are helpful in tracking but should be used with care.
Displacement moments provide detailed information about diffusion characteristics.
The shape of the MSD-time curve of an object is indicative of the mode of motion.
In isotropic media, the 2D diffusion coefficient is equal to the 3D diffusion coefficient.
Distinction must be made between microscopic, mesoscopic, and macroscopic diffusion.
Short trajectories show large statistical fluctuations in diffusivity measurements.
Subdiffusive patterns at short time scales may be due to noise in particle localization.
Computing the MSD over entire trajectories may obscure transitions in diffusivity.
Different velocity measures result from considering different distance measures.
Centroid based velocity measurements can be very deceptive in cell tracking.
Velocities will be increasingly underestimated with decreasing temporal resolution.
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2D+t
3D+t
2D+t
2D+t
2D+t
2D+t
3D+t
2D+t
3D+t
2D+t
2D+t
2D+t
2D+t
2D+t
2D+t
2D+t
2D+t
2D+t
2D+t
2D+t

[1]
[8]
[23]
[26]
[27]
[28]
[29]
[33]
[37]
[57]
[66]
[71]
[77]
[96]
[111]
[118]
[124]
[155]
[159]
[164]

Manual indication
Multiple thresholding
Otsu thresholding + watersheds
Manual indication + edges
Manual indication + active contours
Manual indication
Thresholding
Active contours
Multiple level sets
Manual outlining + watersheds
Template matching
Manual indication
Manual outlining
Level sets
Manual indication
Space-time filtering + thresholding
Active contours
Manual outlining + active contour
Marker controlled watersheds
Manual outlining

Segmentation
Template matching
Template matching
Distance + area + overlap
Monte Carlo tracking
Active contour evolution
Coupled mean shift processes
Nearest cell
Active contour evolution
Level set evolution
Unknown matching algorithm
Probabilistic association
Template matching
Active contour evolution
Level set evolution
Contour evolution + Kalman filtering
Space-time trace angle + distance
Monte Carlo tracking
Fourier-based template matching
Mean shift + Kalman filtering
Active contour evolution

Association
PC
F
F
PC
PC
PC
HMC
F
F
PC
PC
PC
BF
PC
PC
PC
F
PC
F
PC

Microscopy

Leukocytes
Dictyostelium discoideum
HeLa cells
Leukocytes
Endothelial cells
Cancer and endothelial cells
Cancer cells
Dictyostelium cells
Entamoeba histolytica and epithelial cells
PC-3 cells
Hematopoietic stem cells
HSB-2 T-cells
Fibroblasts
Leukocytes
Leukocytes
Leukocytes
HeLa cells
Keratocytes
HeLa cells
Entamoeba histolytica

Application

MI
FA
FA
MI
MI
MI
FA
FA
FA
MI
FA
MI
MI
FA
MI
FA
FA
MI
FA
MI

Auto
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Table 1. Selected cell tracking methods and some of their features and applications. From left to right the columns indicate the reference number describing the method, the
dimensionality of the data for which the method was designed, the main features of spatial segmentation and temporal association used by the method, the type of microscopy
used and the applications considered in the described experiments, and the level of automation of the method. BF = brightfield. F = fluorescence. FA = fully automatic, meaning that in principle no user interaction is required, other than parameter tuning. HMC = Hoffman modulation contrast. MI = manual initialization, meaning that more user interaction is required than parameter tuning. PC = phase contrast.

Dim

Ref

2D+t
2D+t
3D+t
2D+t
3D+t
3D+t
2D+t
3D+t
3D+t
2D+t
2D+t
2D+t
3D+t
2D+t
3D+t
2D+t
3D+t
2D+t
2D+t
2D+t

[4]
[6]
[9]
[15]
[16]
[35]
[40]
[47]
[48]
[52]
[54]
[73]
[78]
[88]
[115]
[120]
[136]
[143]
[146]
[156]

Gaussian fitting
Thresholding + centroid
Pyramid linking
Template matching
Thresholding + centroid
Gaussian mixture fitting
Artificial neural networks
Multiscale products
Thresholding
Thresholding + centroid
Local maxima
Gaussian fitting
Thresholding + centroid
Thresholding + centroid
Laplacian of Gaussian
Local maxima
Gaussian mixture fitting
Gradient magnitude + tracing
Local maxima selection
Thresholding + centroid

Detection
Distance + intensity
Nearest particle
Intensity + velocity + acceleration
Minimum cost paths
Template matching
Template matching
Velocity and virtual flow
Interacting multiple models
Fuzzy logic
Nearest particle
Nearest particle
Nearest particle
Nearest particle
Nearest particle
Dynamic programming
Distance + intensity moments
Global weighted distance minimization
Fuzzy logic
Multilayered graphs
Area + major/minor axes + distance

Association
F
F
F
F
F
F
F
F
F
F
F
F
F
F
F
TIRF
F
F
F
F

Microscopy

Lipoproteins, influenza viruses
Microspheres, actin filaments
Microspheres, vimentin
Quantum dots, glycine receptors
Subchromosomal foci
Kinetochore microtubules
Microspheres
Quantum dots, endocytic vesicles
Chromosomes, centrosomes
Low density lipoprotein receptors
R-phycoerythrin
P4K proteins
Secretory granules
Actin filaments
Telomeres
Lipoproteins, adenovirus-2, quantum dots
Chromosomes, spindle pole body
Secretory vesicles, speckles
Actin and tubulin fluorescent speckles
Actin filaments

Application

FA
FA
FA
FA
FA
FA
FA
FA
FA
FA
FA
FA
FA
FA
FA
FA
FA
FA
FA
FA

Auto

Meijering et al.

26/32

Time-Lapse Microscopy Imaging

Table 2. Selected particle tracking methods and some of their features and applications. From left to right the columns indicate the reference number describing the method,
the dimensionality of the data for which the method was designed, the main features of spatial detection and temporal association used by the method, the type of microscopy
used and the applications considered in the described experiments, and the level of automation of the method. F = fluorescence. FA = fully automatic, meaning that in principle
no user interaction is required, other than parameter tuning. TIRF = total internal reflection fluorescence.

Dim

Ref

