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Abstract

A fundamental characteristic of living organisms is their capacity to change over
time. These changes manifest across various scales: from molecular dynamics
to modifications in the shape or arrangement of cells and, ultimately, changes
at the level of tissues and organs. Imaging techniques to record biomedical
videos have become integral to studying these processes in motion, but are
notoriously difficult to analyze. While exciting advances in computer vision
technology hold the promise to solve open challenges in quantifying these
videos, their application to the field of biomedical imaging is far from trivial.
This book chapter summarizes the state-of-the-art in analyzing motion from
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biomedical videos, and highlights opportunities and challenges for the translation
of computer vision techniques to this field.

Keywords

Movement analysis - Tracking - Motility metrics - Video analysis

1 Introduction

Historically, our understanding of the dynamics of biological processes has gone
hand in hand with the development of the microscopes used to visualize them—from
Antoni van Leeuwenhoek’s observations of ‘wee animalcules’ in the seventeenth
century and Metchnikoff’s observations of phagocytosis and theories on cell-
mediated immunity in the late 1800s (Masters 2008), to the recordings of immune
cells in lymph nodes facilitated by the first two-photon microscopes in the early
2000s. Likewise, recent advances in computer vision are revolutionizing our ability
to analyze the motion in these videos. Video analysis enables the precise quantifi-
cation of dynamic processes such as cell migration and interaction, intracellular
transport, tissue, and organ remodeling—but very similar techniques can be applied
to analyze human behavior, movement disorders, and crowd dynamics.

This chapter outlines classical and more recent methodologies for quantifying
motion across different resolutions. While the primary focus is on cells observed
through time-lapse microscopy, many of the principles discussed can also be applied
to other imaging systems recording motile objects at various scales—ranging from
molecular diffusion and vesicle trafficking to organ-level motility and blood flow.
We discuss what is needed to successfully translate advances in computer vision to
the field of bioimaging.

2 Track-based Quantification of Motion

Classical approaches to quantify motion start with tracking, the process of recon-
structing the position of an object over time in a given space (i.e., one-dimensional
(1D) along one given direction, 2D movement in a plane, or 3D movement in
space). They are largely applied to time-lapse microscopy to track individual cells
(Fig. 1a), but can also be applied to study the motility of molecules or intracellular
vesicles. This section illustrates how to obtain tracks and how to describe them using
quantitative metrics.

2.1 Tracking Algorithms

The first step in obtaining tracks from time-lapse videos is to identify objects,
typically via segmentation or centroid detection, followed by linking positions
of each individual cell across frames (tracking, Fig. 1a). Facilitated by software
tools such as the Trackmate plugin in FIJI (Tinevez et al. 2017), manual or semi-
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Fig. 1 Extracting track-based motility metrics. (a) Segmentation and tracking yields a table of cell
positions over time. (b) Simple metrics describing tracks. (¢) Deriving the arrest coefficient from
instantaneous speeds. (d) Lower turning angles can indicate higher persistence or higher imaging
frame rates. (e) Detecting bias in a known direction using metrics or angle analysis. Expected
random angle distributions differ between 2D and 3D. (f) Hotelling’s test can detect bias in an
unknown direction by evaluating if the 95% confidence region of the mean step vector includes 0.
Since it assumes that steps are independent, a time lag is required for persistent cells. Compared
to angle analysis, Hotelling’s test is more sensitive to orthotaxis (where steps in the reference
direction are faster, but not more frequent), but it can miss symmetrical biases with a mean step
vector of 0

automated tracking has long been the standard and still remains helpful in complex
scenarios.

Advances in computer vision are now shifting the focus towards automated track-
ing methods (Hirsch et al. 2022). Despite significant algorithmic advancements,
automated tracking of motile objects in biomedical imaging remains challenging
due to issues like large deformations, unclear boundaries, cell interactions, and a
limited field of view. Current state-of-the-art methods for automated tracking can
be divided into two main approaches: detect-and-link and space-time-connected,
discussed further below.
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2.1.1 Detect-and-link Tracking

Detect-and-link is the most commonly used approach for cell tracking. It decom-
poses the problem into two steps that can be tuned independently: detecting cells in
individual frames and subsequently linking them over time.

Cell Detection

Cell detection is the problem of finding cell centroids. This process often includes
segmentation of the cell shape, which provides additional morphodynamic features
but is not strictly necessary for cell tracking. In images where the (fluorescence)
intensity is roughly uniform within the cell and across the field of view, a global
intensity threshold can segment cells. In practice, however, the threshold often
requires local adaptation, for example using background subtraction techniques. In
transmitted light microscopy, higher variations of intensity are expected on the cell
boundaries, and intensity thresholding may lead to hollow objects that are difficult
to track. An effective technique to facilitate cell detection is brushing, where users
annotate the foreground (cells) and background by drawing lines on the image (Berg
et al. 2019; Arganda et al. 2017; Pizzagalli et al. 2022a). Points on these lines are
then used to train pixel classifiers.

Once foreground pixels are detected, they are grouped into objects based on
intensity (Li et al. 2010), texture features (Al et al. 20006), or size filtering using
clustering, connected components, or region growing/merging methods. Challenges
arise with non-globular shapes and with overlapping cells, requiring specific rules
or advanced clustering algorithms (Pizzagalli et al. 2019a). When the expected size
of the objects is known, methods based on intensity gradients such as the Laplacian-
of-Gaussian or shape-based models such as Hough Transform, can effectively
differentiate even overlapping objects.

More recently, state-of-the-art deep learning (DL) based methods for cell
segmentation such as Cellpose (Stringer et al. 2021) and StarDist (Schmidt et
al. 2018) have been developed to segment cells of diverse shapes and sizes,
offering pre-trained and customizable models for integration into downstream tools
like TrackMate. General-purpose models like YOLO have significantly improved
multiple object detection and subsequent tracking in other fields, e.g., vehicles or
soccer players (Markappa et al. 2024; Zuraimi et al. 2021; Krishna et al. 2021).
Promising results are also expected from general-purpose models such as SAM
(segment anything model), which can distinct objects within the same image.
These have been recently extended to solve the Segment and Tracking Anything
problem (Cheng et al. 2023; Rajic¢ et al. 2023). For an overview of these and other
cell segmentation methods, see (Schienstock et al. 2022; Moen et al. 2019).

Cell Linking

Once centroids are detected for each frame, linking involves finding the most likely
correspondence of objects across frames. Simple heuristics, like maximal overlap or
nearest neighbor, can be sufficient in simple settings, but often fail when objects are
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crowded and/or displace far between frames, such that the object with the minimal
displacement is no longer always the correct choice. Graph-based methods address
this issue by modeling tracks as paths on a graph, where nodes represent detected
objects and edges indicate possible transitions. Tracking is achieved by numerical
optimization methods that minimize path-cost functions either for individual tracks
or globally across all tracks (Jiang et al. 2017; Turetken et al. 2016; Magnusson et
al. 2012; Chenouard et al. 2013). A key problem of detect-and-link tracking is that
linking algorithms are sensitive to errors in the detection step, causing interrupted
tracks or erroneous links (Berclaz et al. 2011). Graph-based approaches mitigate
this issue by incorporating special nodes for object (dis)appearance. Alternatively,
detection and linking can be performed simultaneously, discussed below.

2.1.2 Space-time Connected Tracking

Instead of treating detection and linking as separate problems, space-time con-
nected approaches perform both simultaneously by reconstructing tracks as struc-
tures in space-time, essentially segmenting cells in both space and time at once.
Contour evolution methods fit an initial contour (or 3D mesh) to object shapes by
minimizing an energy functional. Usually, a data term and a regularization term are
included to drive the contour towards desired properties, enabling the reconstruction
of object shapes even without clear edges (Chan et al. 2001). An advantage of
space-time approaches is the ability to identify special structures; for example, so-
called “T-junctions” were shown to help recover the position of two interacting
objects—one of the most challenging problems in tracking (Apostoloff et al. 2005,
2006). However, joint segmentation and tracking is challenging, and most methods
focus on single objects or use contours from one frame as a starting points for the
next. DL methods, using convolutional or recurrent neural networks, enable precise
segmentation of 3D structures and show promise for reconstructing multiple space-
time tracks (Milan et al. 2017).

2.2 Track-based Motility Descriptors

Once obtained, tracks can be described quantitatively using a simple yet rich set of
metrics.

2.2.1 Speed and Stopping
The most commonly used descriptor of a track is its speed, defined as the total
distance traveled divided by track duration (Fig. 1b). While seemingly straightfor-
ward, this definition will always underestimate the true speed as cells are observed
at discrete intervals (Beltman et al. 2009b). This bias can be problematic when cells
turn relatively far between frames (Fig. 1b); thus, reliable estimates of cell speed
may require an imaging frame rate tuned to the cell’s turning behavior.

Aside from average speed, “instantaneous” speeds between subsequent frames
can vary by cell type and condition (Fig. 1¢). For example, early in vivo microscopy
studies observed immune cells in lymph nodes alternating between rapid motion (up
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to 25 pm/min) and a non-motile “stop” state (Miller et al. 2002, 2003; Mempel et al.
2004; Bousso et al. 2003). Stopping is quantified using the arrest coefficient, the
fraction of time where the speed is below some threshold (Fig. 1c; often 2 um/min,
but the ideal threshold can vary). As this fraction is computed by counting discrete
steps, a more smooth, adapted version is preferable for downstream applications
such as machine learning (ML) (Pizzagalli et al. 2019b).

2.2.2 Turning and Persistence Time

Another key track feature is the degree and frequency of turns in direction, which
can vary substantially across cell types (Maiuri et al. 2015; Miller et al. 2003;
Krummel et al. 2016) but can also reflect factors like confinement, obstacles, or
cell-cell interactions (Beltman et al. 2007). A simple way to quantify turning is
by analyzing turning angles between subsequent “steps” in the track, where lower
angles indicate straighter motion (Fig. 1d). However, turning angle distributions can
be difficult to interpret as they depend heavily on the imaging frame rate, limiting
comparability across studies. Alternative metrics to describe turning behavior
include the displacement ratio, outreach ratio, and straightness (Mokhtari et
al. 2013) (Fig. 1b; where the latter is also referred to as “directness” Ibidi 2025,
“confinement ratio” Beltman et al. 2009b; Mokhtari et al. 2013, or “directionality
ratio” Gorelik et al. 2014). These metrics range between 0 and 1; however, their
value depends strongly on the total duration of the track (Fig. 1b), and should
be either compared between tracks of similar duration, or corrected for duration
dependency (Beltman et al. 2009b; Gorelik et al. 2014). Track asphericity is also
bounded by O and 1, but comes with the caveat that it is invariant to the order
in which coordinates were visited (Mokhtari et al. 2013) (Fig. 1b). Another key
metric is the persistence time representing how long motion remains relatively
straight; however, this can be defined and measured in different ways as discussed
in Sect. 3.1.

2.2.3 Directional Bias

Several metrics exist to detect directional bias arising when cells follow environ-
mental structures or chemotactic gradients. The chemotactic index (also called
“forward migration index” Ibidi 2025) is obtained by dividing the parallel com-
ponent of the track’s displacement (D//) by the overall displacement (Fig. le); the
McCutcheon index (“chemotactic ratio”) divides D// by the total path length L
instead (Fig. le) (McCutcheon et al. 1946). Another indicator of directionality is
the angle of the cell’s displacement vector to a reference point, direction, or plane.
Without directional bias, the expected angle is 90° (although its distribution differs
between 2D and 3D data; Beltman et al. 2009b, Fig. 1e). Enrichment of lower angles
then indicates directed motion. This approach has proven useful to detect subtle
directionality in various studies (Beltman et al. 2011; Ariotti et al. 2015).

All these approaches assume that the direction of bias is known. When it is not,
directional bias can be detected using the Rayleigh test or Hotelling’s T? test. The
former is a non-parametric test against the null hypothesis that displacement direc-
tions are uniformly distributed (Ibidi 2025; Moore 1980); the latter instead takes the
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average step-wise displacement across all tracks, and tests if it differs significantly
from the null vector (Hotelling 1931; Oja et al. 2004; Textor et al. 2011) (Fig. 11).
A caveat of Hotelling’s test is that it assumes independence of data points—an
assumption that is violated when we extract subsequent steps from a track with
directional persistence. This problem can be circumvented by downsampling the
data, allowing sufficient spacing between steps that they are uncorrelated (Fig. 1f). It
has been shown that Hotelling’s test can detect directionality with similar sensitivity
as angle analysis, even when the reference direction is unknown (Textor et al.
2011). Moreover, unlike angle analysis, it could detect “orthotaxis” (a mechanism
where movement in the direction of the chemokine is not necessarily more frequent,
but occurs at higher speed) (Fig. 1f). There are also cases where angle analysis is
preferable; radial attraction towards a point may not be visible using Hotelling’s (or
Rayleigh’s) test as displacement directions cancel out (Fig. 1f).

3 Analyzing Cell Dynamics Across Populations and Over
Time

3.1 Applying Motility Metrics

3.1.1 Track-based, Tracklet-based, and Step-based Analyses

After defining a set of metrics, tracks can be described and compared between
cell types or experimental conditions. These comparisons can be performed in
multiple ways (Fig.2a) (Beltman et al. 2009b; Mokhtari et al. 2013). The most
straightforward approach is to compute metrics in a track-based fashion, with
one value per cell track. However, this approach is highly misleading when tracks
differ in duration. Some metrics are highly sensitive to these differences (Fig. 1b)—
even if the cells do not truly differ in their underlying motion. Instead, analysis
can be performed on tracklets, track segments of a fixed duration (also called
“subtracks”, Fig.2a). This approach solves the issue of confounding by track
duration. However, it discards tracks with durations below the chosen tracklet size,
which can strengthen selection bias effects (see Sect.3.3.1). A third method is to
perform step-based analyses, computing metrics on pooled, single steps extracted
from the data (Fig. 2a). This approach does not discard shorter tracks and therefore
lessens selection bias, but it also has disadvantages. For example, it is sensitive
to measurement noise in cell positions, less intuitive than track-based analysis,
unsuitable for identifying subpopulations (Beltman et al. 2009b), and inapplicable
to some metrics (e.g., “straightness” of a single step is meaningless). Statistical
methods that combine strengths of both approaches have also been proposed
(Letendre et al. 2015). Generally, whether an analysis should be track-, tracklet-,
or step-based depends both on the research question at hand and the variation in
duration among the tracks in the data.
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Fig. 2 Approaches to quantifying cell motility. (a) Metrics can be computed per track, per
“tracklet” (track segment of fixed duration), or per individual “step”. (b) Tracklet-based metrics
can be analyzed over time, either for individual tracks (top, detecting changes in behavior), or
for population averages (bottom, detecting global changes such as an increase in directed motion
after an event of interest occurs). (¢) The directional autocorrelation compares a cell’s direction
at time ¢ to that at time ¢ + 7 to infer the persistence time. Reference curves are shown for
an uncorrelated random walk (RW), persistent random walk (PRW) with and without global
directionality, and unidirectional motion. (d) Like autocorrelation, the mean squared displacement
(MSD) is computed over all possible tracklet durations t. Expected MSD curves are shown for
(P)RW motion and super-/subdiffusive motion. (e) Track features can be used for clustering and/or
dimensionality reduction, allowing for exploration of subpopulations. (f) Distance-angle plots of
cell pairs and the system’s order index can help identify correlated, collective motion. (g) Physical
contact can be detected from cell segmentations, but estimates for their duration are biased since
we often do not observe the beginning and/or end. For unbiased estimates, contact durations should
therefore be treated as time-to-event data
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3.1.2 Single Cell Behavior Over Time

One advantage of step- or tracklet-based metrics is that they can be analyzed as
a time series (Figs. 1c and 2b). When applied to single tracks, this approach can
help identify changes in behavior over time, such as transitions between different
migration modes (Crainiciuc et al. 2022). The same method can be applied to
averages of tracklets from different cells in order to detect global events, for example
an overall increase in directionality in response to tissue damage or sudden release
of chemokines (Fig. 2b). An open question is to what extent general methodology
from the field of time series can be applied to cell motility data to infer changes in
behavior automatically. Simple methods such as hidden Markov models may be of
use in this context (Schienstock et al. 2022), but applying them is non-trivial given
the short tracks typically available in practical settings.

3.1.3 Expectations Over Time: Autocorrelation and Mean Squared
Displacement

Since most metrics strongly depend on track duration (Fig. 1), several approaches
involve computing these metrics on tracklets of varying duration t in order to derive
general, duration-independent motility parameters. One example is the directional
autocorrelation function, defined as the cosine of the angle between the cell’s
direction at time ¢ and ¢ + t (Fig. 2c). To construct the autocorrelation curve, this
value is computed and averaged over all tracklets of the given duration 7. For an
uncorrelated random walk (RW), the autocorrelation is zero for all T > 0, whereas
for perfectly ballistic motion it always equals one.

For most cells, the autocorrelation is a function of 7, with high correlations at low
t indicating directional correlation in the short term. For such a persistent random
walk (PRW), the correlation decays approximately exponentially over longer time
scales (Banigan et al. 2015) and becomes zero for t >> P—unless some other
directional bias ensures further correlation on longer time scales. The half-life of
this decay is the persistence time P and no longer depends on imaging frame
rate or track duration. Alternative to the directional autocorrelation, the velocity
autocorrelation (which includes not only the angle between vectors but also their
magnitudes) is also frequently used (Banigan et al. 2015).

Similar to the autocorrelation, the mean squared displacement (MSD) is
computed over all possible tracklet durations 7 (Fig. 2d). Analytical derivations of
the MSD are available for various motility models (Codling et al. 2008; Textor et
al. 2013; Rosen et al. 2021). For example, the expected MSD for RW-motility is a
linear function:

MSD(7) = 2M NgjmT (1

with Ngim, the dimensionality, and M the motility coefficient, a parameter analogous
to a diffusion coefficient. For PRW-motion, the MSD depends on both the motility
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coefficient M and the persistence time P according to Fiirth’s equation (Fiirth 1920):
MSD(t) = 2M Nain [ = P(1 = ¢7/7)] 2)

which starts non-linear but becomes approximately linear for r >> P (Fig.2d).
Fitting Fiirth’s equation to the empirical MSD, one can derive estimates for M and P
that are mostly independent of track duration and imaging frame rate. However, for
cells imaged at high frame rates, fitting a modified version of Fiirth’s equation may
be more appropriate as cell positions (at high frame rates) are ill-defined (Thomas
et al. 2020).

The linear MSD at large 7 observed for (P)RW-motion is characteristic of
diffusive behavior. MSD curves that grow faster or slower than linearly with
T can also be observed, indicating “superdiffusive” and ‘“‘subdiffusive” behavior,
respectively. These behaviors are also reflected by the slope y of the log-log MSD
plot (Fig. 2d); where y = 1 indicates diffusive behavior, y = 2 for ballistic motion,
1 < y < 21is superdiffusive motion, and y < 1 indicates subdiffusion.

While autocorrelation and MSD reduce dependency on track duration and
imaging frame rate, they have some limitations. First, for larger 7, fewer tracklets are
available for time averaging (Fig. 2c and d), increasing noise in both autocorrelation
and MSD; exclusion of high t values can therefore be required for robust fitting of
P and M. Second, although deviations in MSD from regular (P)RW behavior can
be of biological interest, they may also arise from selection bias imposed by the
imaging window (see Sect. 3.3.1). Third, as fitting autocorrelation and MSD curves
is less robust for individual tracks, P and M are typically derived for the entire
population—potentially masking heterogeneity within the population (Mokhtari et
al. 2013).

3.1.4 Exploring Subpopulations Using Clustering and Dimensionality
Reduction

Finally, an interesting application of motility metrics is to discover subpopulations
and behaviors in the data. After computing a set of metrics on each track (or
tracklet), popular dimensionality reduction methods such as principal component
analysis and UMAP (Mclnnes et al. 2018) can be used for data exploration, and
clustering methods can help identify subpopulations (Fig.2e). This approach can
be applied both to entire tracks, revealing subpopulations of cells (Mclnnes et al.
2024), or to shorter tracklets, also showing cell switching between behavioral modes
over time (Crainiciuc et al. 2022). However, as many metrics depend on imaging
frame rate and track duration, clusters must be interpreted cautiously, especially
when combining data from different experiments.
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3.2 Quantifying Cell-Cell Interaction

The analyses discussed so far have mostly treated cells as independently moving
objects—but a frequently asked question is to what extent cells affect the motion of
their neighbors through cell-cell interaction.

3.2.1 Correlated Motion

Measurements of correlated motion, commonly studied in animal flocking and
collective behavior (Vicsek et al. 2012), can also be applied to cell migration. In
some settings such as wound healing and tissue development (Camley and Rappel
2017), cell-cell interaction gives rise to collective motion with cells aligning on
a global scale. The resulting directional bias can then be detected as discussed in
Fig. le and f. Another frequently used metric to detect alignment in a collective is
the order index, or order parameter, ¢, which ranges from 0 to 1 (Fig. 2f) (Vicsek et
al. 2012) and has also been applied to cell migration (Banigan et al. 2015; Niculescu
et al. 2015; Szab¢ et al. 2006):

N

2V
i

with N the number of tracks, tracklets, or steps and v; their velocity vectors.

However, many cells do not align their directions globally, and only align with
their local neighbors—at the very least, some interaction is expected for distances
close to the average cell radius due to physical exclusion effects. One way to take
this spatial scale into account is to consider the angles and distances between pairs of
track(let)s in the data (Fig. 2f) (Beltman et al. 2009b). Interactions result in average
angles below 90° within an interaction distance Rin. If Rjy is substantially larger
than the average cell radius, this may indicate that cells are aligning over larger
distances than expected from physical exclusion alone.

N
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3.2.2 Cell-Cell Contact Dynamics

The dynamics of cell-cell contact are key for biological processes such as immune
responses (Mempel et al. 2004; Davis 2009). Unfortunately, physical contact is hard
to infer directly from tracks. While cells within a minimal threshold distance (Rp;p)
can be marked as “contacting”, this is often inaccurate as distance distributions for
contacting and non-contacting cells can overlap substantially due to variability in
cell sizes and shapes (Wortel et al. 2024). When available, segmentation masks
(Fig. 1a) can help detect contact more reliably. Yet even when contacts are detected
with complete accuracy in single frames, estimating contact duration remains
difficult. We often do not observe their beginning and/or end—for example when
the recording ends or when cells leave the field of view before the contact is resolved
(Fig. 2g) (Beltman et al. 2009b). This makes cell-cell contact durations a form time-
to-event data that is both “truncated” (as we do not observe contacts at all when they
fall outside the imaged time window) and “right-censored” (as we underestimate the
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duration when either the beginning or end of the interaction is unobserved). These
issues can cause substantial bias in the estimation of contact durations and should
be corrected for; for details, see Beltman et al. (2009a).

3.3 Robustly Interpreting Track-based Analyses

Many methods exist to quantify cell motion and interactions, but they can introduce
bias if not applied carefully. Here, we describe potential pitfalls in the classical track
analysis pipeline, ways to mitigate them, and how simulations can facilitate robust
data interpretation.

3.3.1 Artefacts from imaging, detection and tracking

Errors during image acquisition, cell detection, and tracking can introduce artifacts
in downstream analysis. Common imaging errors include tissue drift—where
movement of the tissue specimen during imaging adds a global drift velocity on
top of actual cell movement, and calibration errors in the axial (z) dimension,
causing false anisotropy. Depending on the algorithms used, common errors from
cell detection and tracking include: track gaps—when cells are not detected in
intermediate frames, resulting in tracks with either inconsistent time step (causing
outliers in step-based metrics) or track splitting (causing an abundance of short
tracks). Track switching occurs when cell paths cross each other, and the algorithm
mistakenly switches the cell identity at the crossover point; frequent switches can
bias track metrics towards preferences of the linking algorithm (e.g., a bias towards
straighter tracks). Finally border tracking is an artefact causing artificially straight
tracks at the image border. These errors have been extensively discussed elsewhere
(Beltman et al. 2009b; Banigan et al. 2015), and we refer the reader to these
resources for strategies to diagnose and mitigate them.

Another issue in track-based analysis is detection noise: as cells are deformable,
their position is ill-defined (Thomas et al. 2020), and positions estimated during
tracking can fluctuate even for static cells. This noise can distort motility metrics,
especially for short tracklets, leading to overestimated instantaneous speeds and
directional changes, an underestimated arrest coefficient, a faster decay of direc-
tional autocorrelation (Fig. 2¢) and an underestimated persistence time. Importantly,
as detection noise may differ between cell types with different (nuclear) shapes and
sizes, this effect can create the illusion of motility differences. To diagnose this, it
is useful to assess tracks of static cells, and to manually visualize detections on top
of the original image. Noise can be reduced by smoothing raw tracks before track
analysis using methods such as Kalman smoothing (Kalman 1960) (for an example,
see Wortel et al. 2024). However, these methods also come with parameters that
should be carefully tuned to avoid removing true variation.

3.3.2 Bias from Imaging Window
A key issue in time-lapse microscopy is the limited size of the imaging window,
especially in the axial dimension for in vivo imaging, which introduces selection
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bias: faster, straighter cells leave the imaging window sooner, and thus have shorter
tracks. This effect has been shown to cause substantial artefacts in some analyses—
especially for cell- and tracklet-based analyses where tracks below a minimum
duration are removed (Beltman et al. 2009b). For example, in MSD curves it can
give a false impression of subdiffusive behavior (Fig. 2d) as faster cells contribute
progressively less to the average as 7 increases (Beltman et al. 2009b). Similarly,
directional bias may go unnoticed in MSD analysis (Textor et al. 2011). Plotting
track metrics (e.g., speed) against track duration can help diagnose this bias.

3.3.3 Dealing with Short Tracks

A common problem in tracking data—especially after automated tracking—is
the occurrence of short-duration tracks. Short tracks are often removed before
further analysis, but this approach strongly exacerbates the effects of selection
bias described above. If selection bias is suspected, step-based analyses are recom-
mended instead (Sect. 3.1) (Beltman et al. 2009b). Short tracks can also result from
undetected cells in certain frames, splitting tracks into multiple shorter segments.
For analyses that require tracks of longer durations, such as MSD and directional
autocorrelation, it may therefore be preferable to keep tracks intact and interpolate
missing positions, to include as many cells as possible (see e.g., supplementary
materials of Wortel et al. (2021) for details).

3.3.4 Video Heterogeneity

Finally, a common issue in motility analysis is the substantial variation in motility
between video replicates, due to biological or technical factors like timing or
temperature differences. This variation can obscure differences between populations
across videos. In settings where heterogeneity is substantial, it is useful to include
an internal control population that occurs in all videos and for which the motility
can be assumed to be consistent (see e.g., the supplements of Wortel et al. 2024;
Mclnnes et al. 2024).

3.3.5 Improving Interpretations Using Simulation
Cell motility analysis can reveal interesting biological mechanisms, but their
sensitivity to measurement errors and biases means they should be interpreted
carefully. An interesting approach to assess the robustness of track-based analysis is
through simulation. For example, common issues such as track gaps, track splitting,
track switching, or a limited imaging window can be artificially introduced in either
real or simulated data to check sensitivity (see, for example, Textor et al. 2011).
Similarly, detection noise can be introduced artificially to real or simulated data to
evaluate its impact on analysis, helping determine how accurate the tracking needs
to be. Simulations of simple models, such as random walks (Codling et al. 2008), are
easy to implement, and some are available in open-source tools (e.g., MotilityLab
and CelltrackR Textor et al. 2015; Wortel et al. 2021).

Simulations can also help design robust analyses to detect mechanisms of
interest. For example, the stop-and-go behavior of lymphocytes in lymph nodes was
originally attributed to an “internal clock” after Fourier analysis seemed to indicate
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periodicity in speeds; however, later simulations with and without an internal clock
(akin to a positive and negative experimental control) showed that the data were
more consistent with the baseline scenario (Beltman et al. 2007).

4 Optical Flow

The quantification approaches discussed so far have all relied on object tracking.
Alternatively, it is possible to bypass object tracking entirely using Optical Flow
(OF). OF is similar to tracking, but instead of tracking object centroids, it tracks
every pixel across adjacent images (Fig. 3a). It does not require object detection,
making it useful when objects cannot be defined or detected, and provides additional
information on morphological changes over time. OF is applied in various fields,
such as studying human behavior (Per§ et al. 2010), cell transportation in blood
vessels (Guo 2013), and heart motion (Groger et al. 2006), and can be combined
with motion models to enhance tracking (Rodrigues et al. 2014).

a Optical flow, segmentation and tracking
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Fig. 3 Schematic overview of the OF calculation process. (a) OF is a pixel tracking process. (b)
For each pixel i, the displacement vector u, is calculated, mapping its position (x;, y;, fo) to (x;,
¥i, ). (¢) Global descriptors are derived from the OF vectors. (d) OF is applied to generate tissue-
level motility maps
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4.1 Definition and Considerations for Optical Flow in Biomedical
Imaging

OF was stated in the 1940s as the apparent movement of objects due to changes in
the point of view. In the 1980s, numerical methods were introduced to link pixels
of an image at time ¢ with pixels of an image at time ¢ 4+ 1 (Horn and Schunck
1981; Lucas and Kanade 1981), providing a basis for analyzing motile objects.
Consider an image sequence, with space-time coordinates X = [x,..., x4—1, t],
whose dimension d equals the number of spatial dimensions plus 1. The image
series can then be represented by a function /(x) € R describing the brightness
value at position x. Assume further that we are imaging physical objects, whose
motion between consecutive frames is described by a displacement field U (x)
mapping each point x at time ¢ to a new position X + u, at time ¢ 4 1, where
u, = [Axy, ..., Axg_1, 1]. OF is then the problem of estimating U (x) (Fig. 3b).
In the original formulation by Horn and Schunck (Horn and Schunck 1981), the
problem is solved by assuming brightness constancy—i.e., a point in the image at
time ¢ retains the same brightness value as it moves in the image at time ¢ + 1:

I(x) =1(x+uy).

For sufficiently small displacements, the brightness constancy assumption can be
approximated using a first-order Taylor expansion:

I(x+uy) ~ [(x)+ VI U(x)

— | 2L _or a1
where VI = [8x1,..., Txg T o

the higher-order terms of the Taylor expansion, this yields the OF constraint:

-
] is the spatiotemporal gradient of 7. Neglecting

VI -U®x) =0. “4)

Equation (4) provides a single constraint for each pixel, despite the d — 1
unknowns in U (x). For instance, in the case of 2D images over time (d = 3), the
constraint reduces to:

To obtain a unique solution, additional constraints and regularization terms must be
introduced. These also allow to prefer desirable properties, such as smoothness. An
optimal U* is computed by minimizing an energy functional:

E=FEp+ AEg, (5)
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where Ep represents the data term (Eq.4), Es is a regularization term, and A
controls the impact of regularization.

In Horn and Schunck (1981), Eg is defined as a quadratic penalty term on the
gradient of the solution, which discourages large discontinuities in the flow:

Ew) = f (o) — Tx+ U dx+ A/ IVU®I? dx. ©)
Q ddta term Q SmOOthneSS term

More recent works (Zach et al. 2007; Sanchez et al. 2013) employ different
regularization techniques to allow flow discontinuities and increase robustness to
noise. However, Eq. 4 is only valid within a sufficiently small local neighborhood.
Errors arise in scenarios involving large displacements, texture-less regions, or
displacements parallel to image edges. Various methods address these challenges.
For instance, additional features to brightness (e.g., SIFT) can be used to match
points (Brox and Malik 2011), whereas coarse-to-fine approaches can improve
accuracy for sequences with large displacements (Chang et al. 2013). These include
pyramidal image decomposition with TV-L1 regularization (Sanchez et al. 2013)
and temporal superpixel clustering (Chang et al. 2013).

Computing OF with time-lapse microscopy videos presents specific challenges.
First, OF operates at pixel level, but biological interpretations often require object-
level abstractions. Second, the assumption of constant pixel intensity between
frames may not hold for fluorescence microscopy or transmitted light imaging due
to photobleaching, changes in focal planes, or repositioning of the objective in
high-throughput devices. Finally, the assumption of small displacements may not
hold for large time intervals between frames and rapid moving cells. Coarse-to-fine
methods combined with probabilistic frameworks (Amat et al. 2013) were proposed
to address these issues, enabling the quantification of large cellular movements, but
required segmentation masks to exclude background regions.

More recently, DL has revolutionized the robustness of OF estimation. By lever-
aging large synthetic and/or real-world data sets of high quality (high frame rates,
no artifacts), networks can be first trained to reproduce classical OF formulations as
“ground truth”, then trained to reproduce these estimates after temporal downsam-
pling and introduction of artifacts. Among these, FlowNet (Dosovitskiy et al. 2015)
used convolutional neural networks for end-to-end OF estimation, and FlowNet2
and FlowNet3 (Ilg et al. 2018a,b) enhanced accuracy through multi-stream archi-
tectures to address both small and large displacements. DeepFlow (Weinzaepfel
et al. 2013) combined deep feature extraction using convolutional neural networks
with traditional OF formulations, and EpicFlow (Revaud et al. 2015) incorporated
edge-preserving interpolation and geodesic distance from edges to improve flow
estimation with large motions and occlusions. For further details, methods, and
datasets on OF, see: Shah and Xuezhi (2021).
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4.2 OF Applications to Intracellular, Cellular and Tissue
Dynamics

OF can quantify cellular morphodynamics at various biological scales, including
organelles, cytoskeleton, and tissues, especially when tracking is not possible. For
example, trafficking of intracellular organelles and actin filament remodeling are
difficult to track due to the limit of optical resolution and absence of a clear
centroid in these complex structures—but OF can still provide quantitative, pixel-
level information on movement orientation and magnitude. These complement
morphological features used in digital pathology and were shown to offer additional
insights, such as changes in motor proteins in healthy or pathological conditions
(Huang et al. 2017; Drechsler et al. 2020).

At the cell level, morphodynamics result from the interaction of intracellular
factors (i.e., ATP availability) and extracellular factors (i.e., extracellular matrix
stiffness). At this level, OF can provide insights into the dynamic processes
controlling cell migration, such as polarization towards a direction, revealing the
effects of therapeutic agents, or modifying extracellular factors (Boric et al. 2013).
Flow vectors can also be studied inside specific cells of interest, e.g., using binary
masks or segmentations (when available) or an intracellular area defined through
other means. Then, selected vectors can be described using the histogram of
optical flow (HOF, Pers et al. 2010) and/or histogram of oriented optical flow
(HOOF, Wang and Snoussi 2013) to distinguish different cellular behaviors, as
discussed in Sect. 5.3 (Fig. 3c). In addition to cellular and subcellular applications,
OF techniques have been applied to analyze tissue dynamics, including embryo
development (Amat et al. 2013) and immune responses in lymphoid tissues (Piz-
zagalli et al. 2019b). In this case, OF provides insights at larger scale, such as flow
fields (Schienstock et al. 2024) for identifying collective cell behavior, or tissue
velocity heatmaps to identify areas with different motility patterns (Pizzagalli et al.
2019b) (Fig. 3d).

5 Action Recognition

Action recognition (AR) is a computer vision technique for identifying where
and when specific actions in video or image sequences occur. An action is
any meaningful interaction between a subject (human, animal, or cell) and its
surroundings (Herath et al. 2017). AR has been applied in video surveillance,
autonomous driving, and sports analysis (Vishwakarma and Agrawal 2013; Bukht et
al. 2024; Karpathy et al. 2014). It has a huge potential for analyzing cell behavior in
(patho)physiological processes like immune responses, cancer metastasis, and tissue
regeneration, supporting the development of diagnostics and therapies (Pizzagalli et
al. 2022b; Schienstock et al. 2022; Waite et al. 2011; Hanna et al. 2015; Singer and
Clark 1999).
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In microscopy videos, the types of actions that can be observed and quantified
vary depending on cell type and imaging technique. At the single-cell level,
key actions include cell cycle events (mitosis, cell death), biological functions
(autophagy, phagocytosis, endocytosis, exocytosis), and adopting specific cell
migration patterns (e.g., random patrolling in confinement, directed movement
towards targets, or arrested states (Auffray et al. 2007; Arasa 2021; Friedl and
Weigelin 2008)). Actions at the collective level involve interactions and commu-
nication between multiple cells—either through direct physical contact (essential
for processes like diapedesis or precise delivery of stimuli to target cells via
synapses), or indirectly through the secretion of soluble factors such as cytokines
and chemokines (regulating collective behaviors like chemotaxis and swarm for-
mation (Celli et al. 2007; Kienle et al. 2021)). We summarize here three main
categories of AR techniques: track-based, segmentation-based, and video-based AR.
For details, refer (Pizzagalli et al. 2022b; Vrigkas et al. 2015; Herath et al. 2017).

5.1 Track-based Action Recognition
Track-based methods (Fig. 4a) involve three main steps:

1. Tracking: trajectories of cells or particles are obtained as described in Sect. 2.1.

2. Feature Extraction: trajectories are described using features such as motility
metrics (Sect. 2.2), derived from entire trajectories or tracklets (Sect. 3.1), or other
features describing single or multiple objects.

3. Classification: trajectories can be classified using predefined thresholds on
motility metrics (for example, on track straightness to distinguish directed
migration from cell contacts (Pizzagalli et al. 2022b; Pécot et al. 2018)). Actions
involving more complex patterns instead can be detected via supervised learning
if sufficient annotations are available (Wagner et al. 2017).

Steps 2 and 3 can be combined with DL methods that automatically learn and
classify features directly from trajectory data, represented as coordinates or image-
based trajectories. For example, convolutional neural networks (CNNs) have been
used to classify motility patterns by training on 2D image representations of
trajectories (Nicolai et al. 2024).

5.2 Segmentation-based Action Recognition

Segmentation-based methods use the surfaces of objects and their temporal dynam-
ics to enable AR (Fig. 4b). These methods generally follow four steps:

1. Segmentation or Detection: objects of interest are segmented from the back-
ground in the image, either manually or automatically (section “Cell Detection”).
Automatic techniques range from classical approaches like thresholding to
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Fig. 4 Schematic representation of the three main classes of AR methods. Each method takes a
microscope video as input and outputs the corresponding action class. (a) Track-based methods
involve tracking individual cells and extracting relevant features. (b) Segmentation-based methods
segment or detect cells, optionally track them, and extract features from the selected regions. (c)
Video-based methods analyze the video directly, leveraging techniques such as OF (left panel) or
DL approaches, exemplified here by the 3D CNN (right panel)

advanced DL methods, such as CNNs for robust object delineation (Liu et al.
2024; Lee et al. 2020; Cabini et al. 2024a, 2025a,b). In some cases, detection
may involve generating bounding boxes around the objects instead of precise
delineation, which is useful when exact boundaries are not needed (Pulfer et al.
2024; Anandakumaran et al. 2022; Delgado et al. 2024).

2. (Optional) Tracking: segmented objects are tracked across consecutive frames
(see Sect.2.1). This step is not necessary for all applications: for example,
detecting contact between two cells in a microscopy video may not require
tracking, but tracking is useful for identifying contact between a specific cell
and its target.

3. Feature Extraction: once segmented (and optionally tracked), features are
extracted from the objects. Single-object features describe morphological or
statistical properties such as diameter, surface area, volume, intensity distribution,
and OF vectors. Multiple-object features describe relationships between segmen-
tations, such as the relative distance between surfaces or spatial arrangements,
and can capture temporal changes if tracking is applied (Liu et al. 2024).

4. Classification: the extracted features are then classified using filters or supervised
learning as outlined in Sect.5.1.
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Steps 3 and 4 can be combined using DL methods, where a single model simul-
taneously handles feature extraction and classification, learning relevant features
directly from the data (Sillah et al. 2024).

5.3  Video-based Action Recognition

This category includes methods that process videos directly, without requiring
preliminary steps such as tracking or segmentation (Fig.4c). These methods are
particularly useful in contexts where tracking or segmenting videos is impossible or
prone to errors. While numerous video-based methods exist for other domains, their
application for cellular AR is still limited.

5.3.1 Optical Flow Features

A major family of video-based methods relies on computing OF between con-
secutive frames (Fig.4c, Sect.4). One common OF-based approach to AR is to
extract hand-crafted motion descriptors, such as HOF and HOOF (Uijlings et al.
2015) (Sect.4), from OF vectors, which can then be used for classification using
filtering-based approaches, supervised or unsupervised learning models. Another
common approach is to track small image regions, called particles, over time based
on OF vectors, generating trajectories (Wang et al. 2013). Features, such as chaotic
invariants defined in (Wu et al. 2010; Ali and Shah 2007), are extracted from these
trajectories and classified using ML models.

5.3.2 Video Classification

DL methods have become popular in AR due to their ability to automatically
learn features from raw video data (Fig.4c). Key DL architectures include CNNS,
multi-stream networks, recurrent neural network (RNN)-based methods, and
transformer-based methods (Herath et al. 2017; Zhu et al. 2020). CNNs use
convolutional layers to capture both spatial and temporal information from raw
video data, treating the input as volumetric data. These architectures typically
consist of a stack of convolutional layers to learn spatiotemporal features, followed
by pooling layers to reduce spatial and temporal dimensions. Convolutional layers
can employ 3D convolutions, which operate simultaneously across spatial and
temporal dimensions (Ji et al. 2013; Tran et al. 2014) (Fig. 4c), or a combination
of 2D convolutions (for spatial dimensions) and 1D convolutions (for the temporal
dimension), reducing the total number of parameters in the network (Sun et al.
2015).

Two-stream networks are a class of CNNs designed to perform object recognition
and motion recognition separately. The spatial stream takes raw video frames as
input to capture visual appearance information. The temporal stream takes a stack
of OF images as input to capture motion information between video frames. The
outputs from both networks are then fused to obtain the final prediction (Simonyan
and Zisserman 2014; Tu et al. 2018).
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RNN-based models exploit the capability of RNNs to handle temporal data,
learning long-term relationships in the data. They consist of a 2D CNN that is simul-
taneously applied to each video frame separately, followed by an RNN that receives
the extracted features as input and makes the final action prediction (Donahue et al.
2017; Baccouche et al. 2011). Some examples of RNNs include Long Short-Term
Memory and Gated Recurrent Units.

Transformer-based methods have recently emerged as powerful tools for mod-
eling temporal tasks, including AR. Similar to RNN-based methods, they operate
on features extracted by a 2D CNN from individual video frames to produce
the output prediction. However, transformers utilize a self-attention mechanism,
allowing them to assess the importance of each part of the input data and capture
long-range dependencies without the need for sequential computation, as in RNN-
based methods (Ulhaq et al. 2022; Girdhar et al. 2019; Cabini et al. 2024b).

6 Conclusions and Future Perspectives

The development of methods for quantifying movement in biomedical videos is a
current frontier of research both in computational and life sciences. In principle,
the concepts and algorithms behind movement analysis methods can be applied to
objects with different sizes and image modalities, quantifying movement across
scales. In practice, however, many computer vision methods are currently more
established for images and videos capturing natural scenes such as traffic and
human behavior, and not all of them translate well to bioimaging. A more effective
exchange of methods, datasets, and complementary needs between scientists in
computer vision and life sciences will be crucial to overcome this gap in biomedical
computer vision.

6.1 Overcoming the (Annotated) Data Gap

Modern computer vision owes its success in part to the availability of large, open,
and well-curated datasets such as MNIST and ImageNet. However, a key challenge
for the translation of bioimaging into the biomedical domain is that the subjects
of bioimaging are substantially different from those in these classical datasets. For
example, cells often lack stable features such as rigid edges or textures, ensuring
that most general-purpose computer vision models trained on other types of data
are not directly applicable to bioimaging applications unless trained on domain-
specific data. This is especially relevant for DL. methods, which typically require
very high numbers of images for training. Even if models pre-trained on non-
biomedical images can successfully be translated to the bioimaging domain using
transfer learning, this still requires the availability of large, domain-specific and
well-annotated datasets. And while these are increasingly available for medical
imaging used in clinical practice (National Institute for Health Research 2025;
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Stettler 2025), they are less widespread for the broad range in imaging techniques
used in preclinical research.

Progress has been made in important initiatives such as the Cell Tracking
Challenge (Maska et al. 2014, 2023; Ulman et al. 2017), as well as open data
available in e.g., MotilityLab (Textor et al. 2015), the leukocyte tracking database
(Pizzagalli et al. 2018), and Immunemap (McInnes et al. 2024), which effectively
facilitate data exchange and support algorithm development. Yet annotated open
datasets remain scarce given the large variety in imaging modalities, (fluorescent)
labelling, and experimental settings—hampering the development of computer
vision technology for more complex tasks. Especially in AR, annotations are critical
for training action classifiers, and challenges arise from limited data availability and
confounding motility patterns (i.e., mitosis vs. separation of two touching cells).

To overcome this issue, smart annotation strategies are likely required, e.g., by
making annotations in an iterative manner: identifying cases yielding false positives
/ false negatives and adding them to the training dataset (Pulfer et al. 2024). A
key direction of future research is how to use limited annotations more effectively,
and/or how to develop active learning strategies to generate annotations where
these are most needed. Likewise, an open question is how we can more effectively
leverage simulations in computer vision for bioimaging, for example to generate
large synthetic datasets for (pre-)training, or to generate annotated data for AR tasks
where the ground truth is difficult and/or time-consuming to obtain (Brekke et al.
2019). In the past several decades, many computational models have been developed
to simulate a wide range of biological dynamical processes—from cell sorting, to
cell motility, to tissue development, collective migration, and many others (Graner
and Glazier 1992; Beltman et al. 2007; Niculescu et al. 2015; Hirashima et al. 2017;
Szab6 and Merks 2013; Camley and Rappel 2017; Montagud et al. 2021). Their
integration into computer vision development would be a promising direction of
future research.

6.2 Overcoming Structural Barriers to Open Science Practices

A barrier to the availability of open data is the current lack of recognition and reward
systems for publishing well-annotated datasets. Whereas taking and labelling
pictures of cats and dogs is relatively cheap, generating specialized bioimaging
data is typically (very) expensive. And even once raw data are available, providing
annotations is often time-consuming as well. As long as the generation of data is not
recognized as a meaningful contribution in and of itself, this provides an incentive
to delay sharing of the data and/or metadata in order to capitalize on a dataset before
making it available for the community to use. Solving this issue will require cultural
changes as well as new perspectives on how we reward scientific contributions.
Despite ongoing efforts (Devriendt et al. 2021), this area will remain in need of
attention.
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Aside from well-curated open datasets with rich metadata, the effective develop-
ment and use of bio-image analysis methods also requires accessible (ideally open-
source) analysis tools. Software should be accessible through key usability features
including user interfaces, well-structured code, interoperability with different file
formats and other tools, and a modular structure, and the analysis tools offered
should be validated (Carpenter et al. 2021). Examples include larger platforms
with community-supplied plugins such as Fiji (Schindelin et al. 2012) and Icy
(Chaumont et al. 2012), but also web-based tools (Textor et al. 2015), or packages
built on the existing ecosystems of popular programming languages such as R and
python (Wortel et al. 2021). Despite ongoing efforts in the development of open-
source software for bioimaging data, current research still often relies on custom
scripts and/or proprietary software. Further supporting the transition to open-access
will require the continued investment in Open Science practices such as open-
access repositories, collaborative platforms, organization of scientific challenges,
and release of open-source tools that can be customized or improved for different
applications.

6.3 Learning Meaningful Representations of Dynamics

Finally, a promising area of ongoing research is to what extent ML can supplement
hand-crafted motility metrics (Sect.2.2) by facilitating the discovery of novel
descriptors of dynamical processes, for example through self-supervised represen-
tation learning. An important caveat here is that machine-learned features will likely
suffer from the same challenges and biases as hand-crafted ones (Sect. 3.3)—unless
explicit care is taken to avoid issues such as confounding by track duration or bias
introduced by the imaging window. A key challenge will therefore be to harness
lessons learned from the application of hand-crafted features, ensuring that learned
representations are meaningful.

6.4 Final Remarks

Scientific discoveries often go hand in hand with technological developments
(Masters 2008). In the field of bioimaging, these developments have long been
driven by the development of new microscopes and labelling techniques—but are
increasingly driven by advances in the methodology used to process and analyze
bioimaging data as well. Exciting developments in Al are working their way into
the bioimaging domain, but some barriers remain to the optimal synergy between
the fields of bioimaging and computer vision. Strengthening this synergy will be
key to drive new discoveries in basic research and open up new avenues for clinical
applications such as disease monitoring and precision therapeutics.
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