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Summary

The analysis of cellular behavior using intravital multi-photon microscopy has contributed 

substantially to our understanding of the priming and effector phases of immune responses. 

Yet, many questions remain unanswered and unexplored. Though advancements in intravital 

imaging techniques and animal models continue to drive new discoveries, continued 

improvements in analysis methods are needed to extract detailed information about cellular 

behavior. Focusing on dendritic cell (DC) and T cell interactions as an exemplar, here we 

discuss key limitations for intravital imaging studies and review and explore alternative 

approaches to quantify immune cell behavior. We touch upon current developments in deep 

learning models, as well as established methods from unrelated fields such as ecology to 

detect and track objects over time. As developments in open-source software make it possible 

to process and interactively view larger datasets, the challenge for the field will be to 

determine how best to combine intravital imaging with multi-parameter imaging of larger 

tissue regions to discover new facets of leukocyte dynamics and how these contribute to 

immune responses. 
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1 INTRODUCTION

Intravital microscopy is a technique that is used to image cells and tissues within living 

animals in order to capture cellular movement and observe biological processes. This method 

has greatly expanded knowledge previously obtained from in vitro observations. In the field 

of immunology, T cell behavior and interactions with antigen presenting cells (APCs) is one 

area where intravital microscopy has greatly expanded understanding of physiological 

cellular interactions (1-3). T cell activation and subsequent differentiation is facilitated by the 

formation of tight immunological synapses with APCs presenting cognate antigens. In vitro 

experiments to study T cell activation have the advantage to control factors that influence 

cell-cell interactions, including T cell or APC density, antigen dose, cytokine or growth 

factor availability, etc. However, these conditions might be different in an in vivo setting and 

transpire in the context of complex microanatomical niches where tissue cells and other 

immune cells provide many soluble and cell-associated signals that influence cell behavior. 

Although in vitro conditions provide the means to more readily interrogate cell signaling and 
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biochemical pathways, in vivo imaging can uncover cell behaviors that may not occur in the 

reductionist conditions present in vitro or even ex vivo in isolated tissues.

Leukocytes are highly motile cells that readily respond to environmental changes in 

order to protect the body. T cells follow paths of least resistance during their migration while 

they propel themselves forward by a contracting uropod (4). T cells in particular can adopt 

vastly different cell shapes and motility patterns as part of cell migration programs that 

facilitate diverse behaviors such as the search of cognate antigen in LNs (5) and 

immunosurveillance of peripheral tissues (6). These different behaviors are defined by 

soluble signals as well as interactions with the mechanical environment (4, 7). We recently 

examined how physiological neural signals influence immune cell behavior. T cells were 

found to stop migration following activation of the sympathetic nervous system or in 

response adrenergic receptor agonists (8). Loss of cell motility had a detrimental effect on 

immune responses to viral infections and tumor development. These experiments highlight 

that alterations to cell behavior can have marked impacts on the effectiveness of immune 

responses. Therefore, observing T cell behavior in situ is an exceptional way to explore and 

interrogate physiological cell behavior. The challenge however is to extract meaningful 

biological information from complex intravital imaging data. 

In this review, we discuss the requirements and limitations of using intravital imaging 

to interrogate immune responses and advances in available methods to analyze and quantitate 

cell behavior. We use T cell priming by dendritic cells (DCs) in lymph nodes (LNs) as an 

instructive example of complex cellular behaviors that can be imaged by intravital 

microscopy. These lessons might however be used to interrogate immune responses in 

various other contexts of homeostasis or disease.

2 TRACKING CELLULAR INTERACTIONS DURING T CELL PRIMING IN 

LYMPH NODES

Interactions between T cells and DCs that lead to T cell activation and differentiation involve 

recognition of peptide-major histocompatibility complexes (pMHC). In a seminal study, 

Mempel et al. (9) observed a sequential sequence of T cell behavior during priming and 

activation. Initially, T cells undergo brief interactions with APCs that resemble transient 

pauses in motility. This scanning behavior was proposed to facilitate initial activation through 

summation of signals from multiple APCs (9). Upon stable recognition of an APC presenting 

cognate antigen, T cells cease motility and form an immunological synapse to gather 

activation signals for a period lasting up to several hours. Subsequently, T cells disengage, 
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regain motility and undergo proliferation and differentiation, during which time cells may 

receive additional antigen signals from other APCs (10). 

Several studies have demonstrated the requirement of conventional DCs (cDCs) for 

effective T cell priming and differentiation of memory cells. cDC1s express the chemokine 

receptor XCR1 and C-type lectin-like receptor Clec9a and are specialized for cross-

presentation of antigens for presentation on MHC-I and activation of CD8+ T cells (11-13). 

cDC2s on the other hand have been shown to play key roles in the priming of CD4+ T cells 

(5, 14). Lymphoid organs contain resident cDCs that develop locally from precursors and do 

not leave the tissue. Conversely, DCs that develop in the tissues migrate to LNs via the 

lymphatic vessels, both in the steady state and at increased rates in response to inflammation. 

These migratory DCs can be infected in the tissues or acquire antigens from the tissue and 

present these to T cells in LNs after their arrival. In some cases, pathogens can also drain 

directly to LNs via the lymphatics, or enter the spleen from the blood, and infect lymphoid 

organ resident DCs. Antigen-bearing migratory DCs can also transfer antigens to LN resident 

cDC1s upon their arrival in LNs (15). Together, these networks of resident and migratory 

cDCs in LNs, and resident DCs in the spleen, provide ample opportunities for antigen 

presentation to T cells to initiate immune responses.

Precisely how T cells acquire activation signals from subtypes of cDCs has yet to be 

fully elucidated. We previously defined the sequence of temporally and spatially segregated 

CD4+ T helper and CD8+ T killer cell activation in the LN following skin HSV infection (5). 

CD4+ T cells initially clustered with skin-emigrant antigen bearing DCs while CD8+ T cells 

clustered subsequently with XCR1+ cDC1s. A similar sequence of events was observed 

following Vaccinia virus infection, with the distinction that direct infection of draining LN 

DCs enabled early CD8+ T cell priming in this model (16), as opposed to delayed CD8+ T 

cell priming following skin HSV infection due to lack of direct viral drainage to LNs (5). 

Following activation, CD4+ T cells were frequently observed to “visit” CD8+ T cell-DC 

clusters (5), suggesting that these activated CD4+ T cells provide key helper signals to DCs 

through CD40-CD40L and CD70-CD27 signals (17). Yet, definitive proof that CD4+ T cells 

deliver help signals in this manner, or via other interactions with cDC1s, is currently lacking.

In the studies described above (5, 16), and in other studies, T cell activation was 

inferred from visualization of T cell clustering with DCs (18-20). T cell activation may 

however also occur in the absence of tight immunological synapses. Dynamic interactions 

between T cells and APCs that do not involve T cell arrest, termed kinapses, have been 

proposed to facilitate progressive accumulation of activation signals from multiple APCs (21-



This article is protected by copyright. All rights reserved

24). Recently activated T cells were shown to engage in kinapses with APCs in vivo, whereas 

naïve T cells formed stable synapses (21). Both transient and stable interactions between T 

cells and APCs presenting different pMHC complexes has also been demonstrated (25). 

Whether immunological kinapses play a role in naïve T cell priming in natural settings of 

infection or anti-tumor immunity remains unclear. Nevertheless, several signals can alter the 

duration of T-APC interactions. A high amount of antigen can induce the rapid induction of 

stable T-APC interactions, effectively bypassing an initial phase of transient interactions (25). 

Conversely, low levels of antigen induce initial T cell activation without stable T-APC 

interactions (26). Similarly, low-affinity TCR-pMHC interactions result in shorter duration 

interactions with APCs (27). Adhesion molecules, such as ICAM-1 expression by DCs (28) 

promote T-DC interactions. Co-inhibitory molecules including programmed death 1 (PD-1) 

and CTLA-4, and CD4+ T regulatory cells (Tregs) reduce stable interactions with APCs (29-

32). Therefore, T-APC interactions of various types and durations together contribute to T 

cell activation and influence the differentiation of T cells into effector and memory cell fates.

Significant technical challenges exist to track and quantitate the full spectrum of 

cellular interactions that comprise the phases of T cell priming in vivo. To follow the 

accumulation of activation signals by T cells, genetically encoded fluorescent reporters that 

accumulate over time could be used. TCR signaling in response to strong interaction with 

pMHC complexes involves rapid changes in intracellular calcium concentration in T cells 

(33, 34). Ulbricht et al. (35) recently developed a genetic fluorescence resonance energy 

transfer (FRET) construct with the calcium sensor Troponin C (Tnc) and eCFP and Citrine as 

donor and acceptor molecules, respectively. Binding of calcium to Tnc will trigger FRET 

transfer from eCFP to Citrine. The advantage of this system, compared to other calcium 

reporters (36-38) is that it is possible to quantify the accumulation of calcium signals over 

time. This was used to follow the development of B cells during germinal center reactions 

(35). Calcium concentrations could be linked to antigen specific responses but also to 

transient and stable contacts of B cells with follicular dendritic cells and subcapsular sinus 

macrophages within the LN. Such an approach might also allow insight into signal 

integration in T cells over time.

Quantifying calcium signals and detecting peaks of calcium activity is not trivial. 

Immune cells will move in and out of the imaging plane and increase or decrease in signal 

intensity due to differences in tissue scattering and depth. Related studies interrogating 

interactions between autoreactive Th17 cells and regulatory T cells activity in the context of 

experimental autoimmune encephalomyelitis (EAE) utilized a tandem calcium reporter with 
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tdTomato and GCaMP6f to quantify the ratio between both cytoplasmic fluorophores (38, 

39). In a related study, Kryatsous et al. (40) used the FRET-based calcium sensor Twitch1 in 

combination with NFAT-GFP to measure not only calcium signaling but also subsequently T 

cell activation by translocation of NFAT to the nucleus. One caveat in intravital two-photon 

studies is that only 4 – 5 colours can be imaged simultaneously. It is therefore difficult to 

discern interactions of T cell subtypes with different APC subtypes. Hor et al. (5) utilized a 

combination of the XCR1-venus reporter mice and the skin-painting dye 

Tetramethylrhodamine (TRITC) to label migrating DCs. In this way it was possible to 

distinguish two APC subtypes and their specific interactions with CD4+ and CD8+ T cells 

(15).

To identify more complex interactions between immune cells subtypes with two-

photon imaging, a combination of reporters in necessary. Ruhland et al. (41) interrogated 

which APC subtypes were able to acquire antigenic material from a subcutaneously injected 

tumor cell line using intravital imaging. The authors utilized a fluorescent genetic construct, 

ZsGreen, in B16-F10 melanoma cells to first confirm material transfer using flow cytometry 

and in vitro imaging. Catching these transfer events using intravital imaging is inherently 

difficult as they might be rare and hard to spot. A combination of three reporter lines, XCR1-

venus, CD11c-mCherry and CSF1R-CFP, were used to distinguish between multiple DC and 

monocyte subsets and observed antigen transfer between these subsets in vivo. These studies 

highlight the importance of cell interactions between multiple different cell types to augment 

responses. Therefore, as we discuss further below, it is important to keep in mind that 

interactions and exchanges between cells that we are currently unaware of might have a 

significant impact on immune responses. These interactions might however not be directly 

obvious to the human observer and might be “hidden” by more prominent patterns in cell 

behaviors.

In addition to improved methods to image these events, better methods to extract 

meaningful information from imaging data might provide novel insights into the cellular 

interactions that drive immune responses. In the remainder of this review, we will focus on 

the factors that influence and determine which quantitative measures can be applied when 

quantifying immune cell behavior from intravital imaging data.

3 LIMITATIONS FOR QUANTITATIVE MEASUREMENTS OF INTRAVITAL 

IMAGING DATA
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While intravital microscopy is a powerful tool to identify and discover immune cell behavior, 

there are significant limitations that need to be considered when planning and conducting 

intravital imaging studies. We discuss some of the main limitations and considerations, using 

the sequence of cellular interactions that occur in LNs during the priming of T cell responses 

as an example.

3.1 Imaging depth. 

The capacity to image beyond the superficial surface of tissues is a significant limiting factor 

when using intravital microscopy. We can only observe cellular behavior in areas that are 

accessible via multi-photon excitation. Two-photon excitation involves the use of fast 

(usually femtosecond) pulses of intense long wavelength light that enables almost 

simultaneous delivery at the point of focus of two photons of half the power required to 

excite a fluorescent protein. The use of longer wavelengths of light reduces light scattering, 

allowing deeper tissue penetration and can produce less photo-damage to tissues. Imaging 

depth is limited by the degree of light absorption and scattering by different tissues and 

increasing laser power leads to increased out-of-focus fluorescence and damage through 

heating of the tissues.

In LNs, two-photon imaging of interactions beyond 250-300 μm beneath the capsule 

are very difficult to achieve. This precludes imaging into the depth of the T cell zone where 

much of the activation and priming events will take place. T cell migration in the lymph is 

dependent on complex chemokine gradients (42). naïve T cells are retained in the T cell area 

by CCL19/CCL21 where they can interact with DCs. Upon activation, CD4+ T cells 

downregulate CCR7 and upregulate CXCR5 to migrate to the T-B border to interact with B 

cells (42). These initial events within the T cell zone are precluded from observation by 

intravital imaging. Duckworth et al. (43) recently utilized lightsheet imaging to interrogate 

the effect of chemokine gradients and T cell position during T cell differentiation into short 

lived effector and memory T cells. T cells differentiated in the periphery and paracortex of 

the LN while the initial activation and priming is occurring deep in the medullary region 

where the T cell zone resides. With two-photon microscopy we are only able to see these 

peripheral events. To image the medullary regions of LNs, researchers have used successfully 

images explanted tissues (44), but access to these regions in vivo remains challenging. This 

challenge is also faced by researchers analyzing T cell behavior in other lymphoid organs, 

such as the spleen. Chauveau et al. (45) used intravital imaging to investigate migration 

patterns of lymphocytes from the red pulp to the white pulp via bridging channels. The 
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authors used a combination a several analysis methods to quantify the flow of cells close to 

blood vessels within bridging channels of wildtype and CCR7-/- mice. CCR7 was found to be 

important for the directional movement of T cells to the T cell zone via bridging channels; 

yet, insights into cell behaviors in the depth of the T cell zone remain obscured.

Depth limitations for intravital imaging might be overcome by technical advances in 

imaging modalities, including three-photon excitation and adaptive optics. Three-photon 

microscopy has been utilized in the field of neuroscience to gain insights into neuronal 

communications in the brain, including imaging over 1 mm into the cortex in mice (46-48). 

The slow repetition rate of three-photon lasers and high power required to achieve coincident 

excitation pose unique challenges for intravital imaging of rapidly moving immune cells. Yet, 

three-photon microscopy has the potential to uncover yet unseen and unknown T cell 

behavior deep within secondary lymphoid tissues as well as in other tissues. 

Adaptive optics is an approach that attempts to utilize advances in the field of 

astronomy to reduce the impact of the refractory index mismatch by adaptive mirrors. To 

correct for light aberrations introduced by the tissues and improve the resolution of imaging, 

deformable mirrors and wavefront sensors can be used. These mirrors must be tightly 

controlled by associated software components to achieve the desired distortion corrections. 

The technique was proposed some time ago to image deeper tissue regions (49). Adaptive 

optics techniques have been applied to deep in vivo imaging, for instance enabling imaging 

up to 700 μm in the brain (50). Adaptive optics was recently applied to large scale imaging of 

various organs due to advances in microscopy and computational tools (51). Other 

approaches have used video rate raster scanning combined with adaptive optics to improve 

image quality (52). As both adaptive optics and three-photon approaches improve, we expect 

to see greatly improved intravital imaging at depths in tissues that are currently out of reach.

3.2 Imaging volume. 

The choice of imaging volume will influence what kind of data, analysis and conclusions can 

be drawn from imaging studies. We frequently image T cells in the LNs with an imaging 

volume of around 60 μm and a time interval of 30 – 45 sec (5). An alternative is to capture a 

smaller imaging volume at a higher imaging frequency (53). Intravital imaging of more 

dynamic events, such as imaging of calcium signaling, requires a more rapid imaging 

frequency (i.e. 5 – 15 fps), reducing the volume of tissue that can be imaged unless more 

rapid scanning is achieved, such as using resonant or rotating polygonal scanners. Smaller 

imaging volumes are more prone to errors resulting from axial tissue drift. The choice of 
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these parameters depends on the goal of the subsequent quantification and analysis. To make 

sensible conclusions of parameters such as velocity and angle, a certain amount of granularity 

is required. When these dynamic measurements are not the primary focus and positioning 

over a bigger area is more important, the imaging area can be increased and imaging 

frequency decreased. Advances in widefield (54) and two-photon (55, 56) lightsheet 

fluorescent microscopes could alleviate some of the mentioned limitations. Lightsheet 

systems apply a sheet of light, instead of scanning with a single localized beam, as in 

confocal and multi-photon imaging. The advantage is a gain in acquisition speed, but often a 

reduction in resolution. Lightsheet microscopy is frequently used in developmental biology to 

image the development of whole embryos, for example from the fruit fly Drosophila 

melanogaster, over time (57). For more rapid intravital imaging, an exciting alternative to 

lightsheet imaging is to use reverberation microscopy, whereby simultaneous beams are 

produced that can scan at increasing depths simultaneously (58). 

3.3 Imaging time. 

The sequence of cellular interactions that occur in LNs during the priming of T cell responses 

have largely been extrapolated from short periods of intravital imaging lasting approximately 

1-2 hours. Therefore, with current technologies, researchers are unable to follow the extended 

life of a T cell across the time period of days during which full effector differentiation occurs. 

This is due both to limitations in imaging time and the capacity to follow cells through the 

extended volume of the tissue (in this case, the LNs). Restrictions on how long an animal can 

remain anesthetized in combination with a limited depth and field of view limit current 

intravital imaging capacity. To extract robust information, data from different animals are 

typically compared in order to build a coherent picture of immune responses over time. Thus, 

results may be heavily dependent on how robust the experimental model is. To make more 

precise conclusions over time, approaches have been developed to image the same mouse 

over time. Examples include surgically implanted imaging windows for LNs (59), the brain 

(60) and tumors (61). Recently, imaging windows have even been used to image the 

developing mouse embryo over time (62). The advantage of this method is that immune 

responses and disease progression can be followed in a specific mouse over time.

3.4 Fluorescent reporters.  

Genetically encoded fluorescent reporters and cell dyes generally need to be very bright to 

facilitate efficient excitation and fluorescence in deep tissues. Timpson and colleagues (63) 
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recently reviewed many available genetic reporters for intravital imaging and different 

imaging modalities. T cells have long been shown to round up, decrease motility and increase 

calcium signaling upon interactions with antigen presenting cells (64, 65). Recently, 

Bohineust et. al. (33) showed that rounding up and stopping could be specifically induced in 

vivo by triggering calcium signaling with optogenetic tools. Calcium signaling is however 

only a transient event and might only be captured within one frame during intravital imaging. 

Reporters that indicate T cell activation, for example via NFAT translocation (66), have been 

developed for two photon imaging studies.

These reporters however only report on signaling within single cells. The context 

must be inferred from interacting cells which might be labelled differently, or unlabeled, and 

unable to report the signaling event. An alternative strategy is to specifically label 

interactions between specified cell types. A system termed ‘Labelling Immune Partnerships 

by SorTagging Intercellular Contacts’ (LIPSTIC) was utilized to visualize T helper cell 

signaling via CD40 with cognate APCs (67). The system depends on a tag consisting of five 

N-terminal glycine residues (G5) that was linked to CD40 on the APC and an enzyme, 

sortase A, which is linked to CD40L on the CD4+ T cell. During interactions, a fluorescent or 

biotin tagged peptide sequence is supplied which is recognized and processed by sortase A 

and transferred to the acceptor molecule G5. Using this system, Pasqual et al. (67) 

demonstrated labelling of “helped” DCs in vivo by using antigen loaded. These tools could be 

used to discover early priming in the immune response and the delivery of helper signals but 

have yet to be visualized by intravital imaging.

4 APPROACHES FOR QUANTIFYING IMMUNE CELL BEHAVIOR

Given the challenges and limitations in acquiring high temporal and spatial resolution 

intravital imaging data, appropriate analysis of the resulting data is essential to obtain reliable 

biological information. Studies in ecology have encountered similar limitations and 

challenges albeit on a different scale. GPS data from tracked animals is often sparse and can 

only give a certain amount of detail (68). Caution is necessary when interpreting cell motility 

parameters such as velocity, angle and directionality. These measurements are dependent on 

the total time an object is being tracked, the time interval between images and the accuracy of 

the tracking analysis. Many studies have used velocity and angle to quantify T cell migration 

patterns (1, 8, 9, 19, 69-71). These measurements were important to elucidate the behavior 

patterns observed in the initial T cell priming and effector stages (Figure 1a). But to extract 

additional behavior patterns that are more subtle may require the integration of different 
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measures. To appropriately analyze intravital imaging movies, several steps should be 

considered and the choice at each step will influence the resulting quantification. Imaris 

(Bitplane) is a common choice of image analysis software for many immunologists working 

with intravital imaging data. This is an excellent, albeit costly, option with the advantage of 

ease of use for image processing and filtering to object detection, tracking and segmentation. 

Below, we discuss open-source software alternatives and highlight the opportunities that 

these tools and approaches might have for customization of image analysis.

4.1 Object detection and tracking. 

T cells can assume various shapes depending on the biochemical and mechanical properties 

of the tissue (4). Cells can be amoeboid when migrating, spherical when sessile or display 

varying degrees of dendriticity when probing their environment. These changes occur 

frequently, and the difficulty is to detect these cells as objects and produce a valid 

segmentation. Given the wide choice of tools to segment objects in images, the decision 

process to identify the best tool for the job depends heavily on the characteristics of the 

images and the objects (cells) within these (Figure 2, Table 1). 

Many processing routines for live cell imaging depend on detection of blob-like objects. A 

common approach is to compute the Laplacian of Gaussian (72), which detects edges, with 

subsequent maxima detection. This process requires the definition of a radius to detect 

objects of interest. A radius too high can lead to over-detection while a radius too low will 

result in under-detection. Migrating T cells might be split into two objects while sessile T 

cells might be merged into one object because of inaccurate object detection. For many image 

analysis workflows this is the default choice. The advantage is that it can be utilized on 

relatively noisy or dim images many of the settings can be adjusted by the user. A different 

approach was recently proposed by developers of the ImageJ plugin Trackmate (73, 74). 

Their tracking algorithms now allow the input from deep learning (DL) segmentation 

algorithms such as StarDist (75, 76) and Cellpose (77).

DL is a type of machine learning (ML). ML and DL algorithms take annotated images 

for training and attempt to predict objects in unseen datasets. The main difference between 

the two is that DL can process unstructured data whereas data must be pre-processed for ML. 

DL algorithms such as StarDist and Cellpose utilize neural networks that attempt to simulate 

the functioning of the brain. The advantage of these is that they can be specifically trained to 

detect nuclei-like (StarDist and Cellpose) or cell-like (Cellpose) objects. Cellpose was 

developed as a generalist cell segmentation algorithm (77); that means, it was trained on a 
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plethora of images that look like nuclei or cells – even unrelated images such as sea shells 

were utilized. The result is a framework that can provide segmentation in 2D and 3D with 

pre-trained models which can approximate the diverse shapes of T cells. These segmentation 

results can be utilized by Trackmate for further downstream processing.

Once objects are identified within images or image sequences these need to be 

tracked. T cells migrate via undirected random walks (78), and display substantial 

considerable heterogeneity in speed and turning angles (79). The tracking analysis of cells 

can be performed using software such as Imaris, or with tools such as Trackmate (73, 74). 

Trackmate primarily uses a process termed the linear assignment problem (LAP) to following 

migrating cells (73, 80). LAP links objects in consecutive frames which are subsequently 

combined into full tracks by a global optimization algorithm (80). The user sets the search 

radius in which the algorithm will link objects together and how many missing frames will be 

allowed to link objects across frames. These values are dependent on how fast and far T cells 

will migrate in the specific imaging volume. An alternative approach, bTrack (81), uses a 

Kalman filter to learn and predict future object positions, and a Bayesian believe matrix to 

assign probabilities that objects belong to a track or will start a new track. The authors of this 

method utilized this python framework to track cell cycle progression in vitro of the 

mammalian cell line Madin-Darby Canine Kidney cells (MDCK) (81). The efficacy of this 

approach for tracking highly motile cells in vivo is untested. 

A combination of sessile and migrating T cells in the same space can be problematic 

for tracking as migrating T cell tracks will be mixed up with sessile T cell track when they 

are in close proximity. Such track switches might be overcome by considering more 

information than just cell positioning. The field of pedestrian tracking is utilizing DL 

approaches to detect and track objects over time using all information from the images (82, 

83). One could envision that these multi-object tracking algorithms could be utilized for T 

cell tracking to make use of all the available information, including cell shape and volume, to 

reduce the number of tracking errors and manual user corrections required.

4.2 Following the path of migrating cells. 

Cell tracks, or the measurable path that migrating cells are observed to take within the 

imaging volume, are often relatively short, lasting only a few minutes as T cells move in and 

out of the imaging plane. The track length should be taken into account when quantifying 

cellular behavior. When large numbers of rapidly moving fluorescent cells are present in the 

imaging volume, cell tracking software algorithms are often unable to follow individual cell 
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paths, frequently losing track of cells or misinterpreting cell tracks for cells that pass or 

interact with each other as mentioned above. Devi et al. (8) analyzed changes in T cell 

behavior in response to neural signaling in the LN. Automated cell tracking was used to 

determine the instantaneous velocity of cells over time. This was useful to define when cells 

ceased migration due to reduction in oxygen levels. By comparison, when individual cell 

tracking is challenging and longer duration tracks are required to infer cell behavior, this 

method might not be the best choice. Gerard et al. (84) attempted to overcome this limitation 

by simulating longer duration tracks from multiple shorter tracks. While useful in certain 

scenarios, the approach of simulating cell behavior may not reveal unexpected cell behaviors 

that depend on parameters that are not included in the computational model. 

To quantify T cell migration within the bridging channels of the spleen during 

intravital imaging (45), a computational approach, MOtion SEnsing Superpixels (MOSES) 

was employed (85). MOSES is a combination of single cell tracking and particle image 

velocimetry (PIV), which estimates the velocity of pixels within a given window (85). The 

algorithm utilizes superpixels which groups similar local pixels together. Using this method, 

the user can extract single cell tracks and the flow of cells within crowded environments. The 

impact of short track lengths on the inference of cell movement was reduced in this example 

(45). Limitations in track length might therefore not be a problem. This enabled the 

researchers to estimate “flow” patterns of T cells in the spleen through the bridging channels 

to the T cell zone. Crowded cells are also frequently observed when T cells are primed in the 

LN (5) which makes commonly used tracking approaches less reliable.

Alternative approaches to deal with track length limitations involve unitization of 

tracks into ‘tracklets’ and focusing on individual cell states rather than the whole tracks. 

Pizzagalli et al. (86) chose to split tracks into ‘tracklets’ of a defined length of 500 s using a 

sliding window approach. The resulting ‘tracklets’ were analyzed using conventional track 

statistics to extract neutrophil behavior patterns during influenza vaccination. This 

categorization is however only dependent on the given time window. T cells frequently 

change behavior over the course of a track, which is not always the same length in time. Arts 

et al. (87) proposed a new classification of tracks into distinct behavioral ‘tracklets’ using 

DL. DL need training data in order to predict unseen data. The authors simulated tracks to 

train the DL model to detect fast, slow and immobile objects and showcased this method on 

different datasets of protein mobility (87). 

A different approach to classify track segments into behavior patterns is to utilize 

hidden markov models (HMMs) (88). HMMs attempt to identify different modes of behavior 
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in a given timeseries (Figure 1d). This technique is often utilized in ecological research to 

extract patterns of animal behavior (89). An advantage of this approach is that the state of any 

object only depends on the preceding image or timepoint. This is both a strength and a 

limitation of this approach because it does not account for the history of the cell or object. 

This approach was used to identify transcriptional bursts of estrogen-responsive gene TFF1 

within the human breast cancer cell line MCF7 cells using single-molecule imaging (90). 

HMM is a relatively simple method and has several implementations in most scripting 

languages; yet, has, to our knowledge, so far not been utilized analyze intravital imaging 

movies.

4.3 Cell behavior characteristics. 

Various track statistics are commonly calculated from intravital imaging data and used to 

classify and extract different cellular behavior patterns (91) (Figure 3, Table 2). Trackmate 

provides several track measurements such as meandering index, mean velocity and mean 

angle (73). The resulting tracks are often subsequently analyzed with custom MATLAB or R 

scripts commonly used by statisticians. To facilitate this process and extract more 

information from tracking measurements, Wortel et al. (92) developed an R package termed 

CelltrackR. This package combines several ‘standard’ tracking measurements but also 

extends this analysis to classify these tracks into distinct categories and create simulations of 

the observed datasets.

In general, tracks can be classified into classes based on velocity, displacement, 

meandering index or confinement ratio (net displacement / total distance travelled) and arrest 

coefficient (fraction of time cells spend with a velocity less than a defined value, often 2 

μm/min for T cells) (Figure 1b, c). T cell behavior can be classified into four different 

categories: directed (high velocity, high meandering index), confined (low velocity, low 

meandering index), returning (low velocity, high meandering index), and stop-and-go (low 

velocity, high meandering index) (20, 38). Sivapatham et al. (93) used a combination of these 

measurements to analyze T cell behavior during the first 72 h after infection of high and low 

load of LCMV Clone 13 footpad injection. Intravital imaging of the popliteal LN showed that 

LCMV specific CD4+ and CD8+ T cells decreased in speed and meandering index and 

arrested only modestly with a low viral load. A higher viral load increased scanning behavior 

by T cells. This reductionist system was able to visualize synapse-like behavior with different 

levels of antigen present. These types of interactions are harder to analyze in settings such as 

infection where the antigen load and the subtypes of DCs presenting antigen cannot be 
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controlled (5). Under these conditions, relatively simple measurements might not be 

sufficient to extract subtle changes in cell behavior.

Nonetheless, Pizzagalli et al. (86) identified five different modes of neutrophil 

behavior during influenza vaccination using a combination of the arrest coefficient, 

straightness, displacement, velocity, proximity to blood vessels and clustering of cells: 

flowing inside blood vessels, arresting (high arrest coefficient), patrolling (non-arrested but 

confined), directed (high speed and displacement) and swarming (clustering cells). However, 

the threshold used to define arresting cells is subjective and can be difficult to define. For this 

reason, Pizzagalli, Latino (86) used a sigmoidal thresholding function to determine the arrest 

coefficient to reduce fluctuations (86). Conversely, a HMM could be utilized to classify 

different modes of behavior by identifying states from the data itself rather than from a set 

manual threshold (89).

While HMMs are theoretically useful, they might require more information than 

velocity and angle from a single stained cell population (94). Given the vast availability of 

cellular reporters for intravital imaging (63) it will be important to measure general cellular 

properties such as the shape of the cell, the intracellular actin cytoskeleton, the cell 

membrane, the nucleus or calcium signaling. This was useful for the CellProfiler community 

to measure many different cellular parameters in high throughput imaging studies to study the 

effect of different drug combinations, termed cell-painting (95). Hons et al. (96) utilized a 

combination of intravital imaging of the pLN and in vitro microscopy to quantify actin flow, 

using Lifeact-GFP mice, and membrane / lipid dynamics, using a synthetic dye, during T cell 

migration in the LN. The authors focused on T cells that moved horizontally in the imaging 

view to analyze shape and behavior in 2D, which is markedly easier than 3D. Continuous 

actin flow from the leading to the trailing edge was visualized using fluorescence recovery 

after photobleaching (FRAP). These cellular parameters could be used in HMMs to uncover 

more contextual information about immune cell behavior and interactions with other cells in 

the tissue microenvironment.

Lau et al. (71) utilized similar measures in combination with T cell shape to highlight 

behavior patterns during tumor development – inside and outside the tumor. T cells have a 

directed and stop-and-go behavior outside the tumor while their motility gets more and more 

confined as they approach into the tumor. Within the tumor, T cells were highly confined and 

killed their target by adopting a more rounded shape compared to an ellipsoid migratory 

shape – akin to the synapse formation between DCs and T cells.



This article is protected by copyright. All rights reserved

Most approaches use ‘gating’ of track statistics to classify behavior. Methods such as 

dynamic time warping (DTW), which are used, for example, in speech recognition and 

ecology to classify words and sound or motility patterns could theoretically be applied to cell 

motility (88, 97). DTW is a measurement to quantify the similarity between two time-series 

patterns which can vary in length. A T cell might show migrating behavior, then slow down 

and regain motility again; this pattern could occur faster or slower, but the pattern is similar 

(Figure 1e). This method has so far not been utilized to classify cellular tracks. T cells show 

highly motile and switching behavior even within single tracks. This method might therefore 

be difficult to apply to whole tracks; yet, classifying shorter tracklets with this algorithm is 

tempting and might achieve a similar informative classification as described above by Arts et 

al. (87) who used DL methods to classify tracklets.

Inspiration for methods to track the dynamic movement of immune cells can be drawn 

from ecology, where animal movement patterns have been studies. For example, the analysis 

of Argyrodes elevates, a foraging spider that invades other’s spider’s webs in search of food 

(98), has many similar analysis metrices. The authors used DTW to classify the trajectories of 

A. elevates invading other spider nests and quantified revisits to the web with the R package 

‘recurse’ (99). The invading spider used a circling behavior with high motility at the 

periphery of the web and slower motility while repeatedly visiting sites close to the main hub. 

This behavior is like T cells which migrate with a high velocity and slow down when 

encountering a DC or a T cell cluster which they might revisit repeatedly (38). A caveat for 

intravital imaging studies is that cells leaving the imaging volume entirely before returning 

would not be recognized as repeat visitors unless some form of cell labelling was used, such 

as genetically-encoded photomodulatable proteins including KikGR or photoactivatable GFP 

(100, 101).

4.4 Cell-cell interactions. 

Direct cellular contact and clustering of T cells with APCs has been frequently used as a 

surrogate for T cell activation events (5, 19, 20). Upon contact with DCs, T cells received 

activation signals which can be visualized by calcium signaling (33, 64) (Figure 1f). 

Identifying and accurately tracking clustering T cells is inherently difficult, which is where 

DL algorithms might helpful, as discussed earlier. Furthermore, as cells move and 

occasionally coalesce, a cluster might only form for a very brief period. A cluster detection 

algorithm may not be able to correctly identify these transient behaviors. There are several 

approaches to tackle this. In R the ‘runmed’ function from the ‘stats’ package will run an 
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overlapping median across the whole timeseries. Therefore, outliers will be removed. The 

same principle can also be used to cleanup noisy velocity and angle measurements, whereby 

small movements of the sample or errors in tracking introduce cell movement artefacts. 

These artefacts can be filtered to reduce fluctuations in the signal. Fluctuations in the signal 

can be problematic when using classification algorithms, such as HMM or DTW, as these 

outliers might be classified together.

Motile cells undergo frequent interactions with other cells in the tissue 

microenvironment, including other lymphocytes, DCs and macrophages, fibroblastic and 

endothelial stromal cells. Many of these cells are not fluorescently labelled during typical 

intravital imaging experiments and are therefore effectively invisible. For example, cDCs are 

the major cell population that presents antigens to T cells for priming, but other cells 

including B cells, macrophages, and stromal cells can also present antigens to T cells. 

Although these APCs present fewer pMHC complexes or lack costimulatory molecules, these 

might cumulatively contribute to the magnitude or quality of the resulting T cell responses. 

To understand how T cells acquire signals from multiple APCs during the process of 

activation, inferring cell interactions from analysis of cell behavior in combination with 

specific reporters of cell signaling could allow recognition of such ‘invisible’ interactions. 

Cells might show a specific behavior that could be picked up by classifying tracklets with DL 

or DTW, or using HMM to detect individual cell states.

4.5 Mapping immune cell behavior to tissue environment

A major limitation of many imaging approaches is the capacity to capture a sufficient number 

of colors to detect multiple cell types and cell states simultaneously. This is particularly true 

for intravital multi-photon microscopy. However, several methods that enable multi-

parameter staining and imaging of fixed samples have substantially improved spatial analysis 

of cell locations and cellular phenotypes. One such approach is histo-cytometry (102-104), 

which involves segmentation in Imaris (Bitplane), subsequent flow cytometry gating in 

FlowJo (FlowJo LLC) and exporting defined populations into the MATLAB application 

CytoMAP (102) to extract regions of similar cellular composition. This approach has been 

used highly effectively to map the cellular environment in static images (102-104). Using 

flow cytometry methods to gate on cellular tracks has also been used to analyze two-photon 

microscopy data (24). In both static and dynamic images, regions can be defined in various 

ways and used for further analysis such as clustering and dimensionality reduction and 

neighborhood analysis. To achieve this, the image can be tiled into overlapping squares or 
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tiles or individual cells can be used to define individual regions within a defined circle (2D) 

or sphere (3D) around them (102).

Applying this principle of regions to the study of dynamic cell behavior could involve 

the extraction and definition of individual cell behavior over time in different areas. Although 

we previously observed T cell clustering during T cell activation using two photon imaging 

and then mapped clustering over a larger region of the tissue area (5), directly linking in vivo 

cell behavior to cell phenotypes is more challenging. The goal would be to acquire live 

imaging data from a small imaging volume using a limited number of colors, followed by 

isolation and fixation of the tissue and acquisition of static images using a larger number of 

markers to identify cell types. This could be used to match cell behavior to cell phenotypes. 

This approach will require methods such as photomodulatable or photoactivatable proteins to 

tag cells or tissue niches for subsequent identification of the same region by static imaging. It 

is worth noting that this approach has been used successfully to profile cells by single cell 

RNA sequencing after live imaging (105, 106).

More studies linking dynamic T cell behavior with static image analysis are required 

to push the field forward. To achieve this and make these approaches more accessible, the 

learning curve of applying these methods has to be flattened. Current methods and software 

for analysis of imaging data separate the tracking and downstream plotting and analysis steps, 

for example by first processing images in Imaris (Bitplane) and/or ImageJ and subsequent 

data display or analysis using Prism, Python, MATLAB and/or R. This disconnect between 

image processing and analysis makes it harder to visualize downstream analysis and makes 

the learning curve to analyze images for researchers unfamiliar with these scripting very 

steep. 

One solution could integrate interactive analysis with visualization on the original 

image. Tools for tracking, analysis and plotting and visualizing data on images are available 

in R, Python, and MATLAB (Table 3). This will help to identify cell behaviors while not 

losing contact to the original image. Some efforts have been taken into this direction (107-

109) and we would encourage researchers to explore various options to make alternative 

analysis methods more accessible. The popularity of a multidimensional image viewer in 

Python, napari (napari.org), has recently grown and actively supported by the image analysis 

community (forum.image.sc/tag/napari). Dynamic plotting and user interactions can be 

implemented relatively simple in Python’s Dash (plotly.com/dash/) and R’s Shiny package 

(shiny.rstudio.com). The image analysis community is also in the process of defining a cloud-

based image file format, termed Next-Generation File Format (NGFF) (110), based on the 
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chunked multidimensional Zarr file format (zarr.readthedocs.io/en/stable/). This file format 

enables efficient writing and reading of larger datasets and would provide a file format that is 

shaped by the image analysis for the needs of the end-users. That means, user can have an 

influence on how images are stored, how segmentation is stored, how tracking data and 

respective analysis is stored and how applications will be able to interact with this format.

CONCLUSION

Intravital multi-photon imaging has provided an in-depth view of immune cell behavior in 

situ. It has highlighted the scope of the dynamic cellular interactions required for immune 

responses to occur and to be sustained. As technological advances enable imaging deeper into 

tissues, it is an imperative to use all available information form these images to uncover and 

understand the complexities of cell behavior. Here, we introduced some of the possible 

approaches and opportunities that could be used to improve analysis of immune cell 

dynamics and learn from these behavior patterns to reveal the intricacies of life at the cellular 

level.

FIGURE 1: Analysis of T cell behavior during priming and effector phases. a) Different 

modes of cellular behavior are observed as T cells progress through priming and effector 

phases. b) Typical track measurements taken by studies are primarily based on velocity and 

angle. Confined cells mostly stay in a specific area with lower motility. Directed motion 

shows relatively high velocity and lower angle. Returning cells show a relatively high 

velocity while being more confined to one larger area. Turning points are identified by a 

sharp decrease in speed and increase in angle. Stop-and-go motion is defined by a cell 

scanning with intermittent higher velocity – cells are overall slow in motility but reach 

further in their migration. c) These different kinds of behavior can be identified by plotting 

mean velocity, meandering index (net distance / total distance), displacement and arrest 

coefficient (fraction of track with a velocity less than 2 μm/min). d) Hidden markov model 

(HMM) to identify underlying behavior from observed behavior. e) Dynamic time warping 

(DTW) to identify tracks with similar motility patterns. f) Calcium reporters can be used in 

combination with velocity and contact with other cells to infer T cell activation.
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FIGURE 2: A decision tree for image segmentation. Clean and bright (high signal to noise) 

images can be segmented with deep learning (DL) or machine learning (ML) methods. These 

methods can yield better segmentation compared to classic seed-based approaches. Seed-

based image segmentation approaches however can be used to extract quantitative 

information even from noisy or dim (low signal to noise) images. Relevant applications and 

packages are listed in Table 1.

FIGURE 3: A decision tree to create tracks and conduct relevant analysis from intravital 

imaging data. If cells are not too crowded and their behavior is relatively stable over the 

imaging period, the extraction of common tracking statistics will in most cases be sufficient. 

If cells are too crowded, tracking of cells can be challenging and alternative methods, such 

superpixel tracking can be utilised. If cells are frequently changing their behavior during the 

imaging period, tracklets or a Hidden markov model (HMM) can be utilised to extract more 

biologically meaningful behavior. Relevant applications and packages are listed in Table 2.
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Table 1: Principles and software packages that can be utilized to segment cells from intravital 

imaging data. 

 

Term / 

Principle 

Description Packages / Application Ref 

Generalist 

Deep Learning 

Model 

Model trained on a variety of similar looking 

images to detect a wider range of objects; 

not limited to the objects that the model was 

trained on 

Cellpose (Python): 2D/3D 

nuclei and cytoplasm 

segmentation 

(77) 

Specific Deep 

Learning 

Model 

Model trained on specific images StarDist (Python): 2D/3D 

nuclei segmentation 

(75, 76) 

Machine 

learning 

User defined positive and negative pixels to 

train image segmentation algorithms 

Trainable weka 

segmentation (ImageJ) 

(111) 

Ilastik (112) 

Seed detection For example, by Laplacian of Gaussian 

(LoG) which is a gaussian filter (filters 

noise) with subsequent Laplacian filter 

(detects edges) and maxima detection for 

larger objects. Alternative for smaller 

objects, difference of two gaussian filters 

with subsequent Laplacian filter and maxima 

detection. 

TrackMate (ImageJ) (73) 

Seed-based 

Watershed 

segmentation 

Images treated as topographic map with 

pixel intensity as height to find ridges 

between adjacent objects 

3D ImageJ Suite (ImageJ) (113) 

Seed-based 

Spot 

segmentation 

Determination of local threshold around 

seeds to classify surrounding pixels; 

Watershed segmentation is used to split 

objects 

3D ImageJ Suite (ImageJ) (113) 

Morphological 

filtering 

Series of morphological filters to enhance 

object detection and segmentation by 

subsequent watershed operation 

MorpholibJ (ImageJ) (114) 
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Table 2: Principles and software packages that can be utilized to track and analyse resulting cell 

tracks. For a comprehensive overview on tracking software and tracking statistics see Meijering et 

al. (91). 

 

Term / Principle Description Packages / Application Ref 

Displacement Linear distance from the start 

to finish of track 

TrackMate (ImageJ) with 

MATLAB; CelltrackR (R): Suite 

of various tracking measures and 

simulation abilities 

(73, 92) 

Meandering Index Total displacement/path 

length of a cell track 

Straight linear speed Total displacement/Total time 

of a cell track 

Instantaneous velocity Speed of a cell at a specific 

point in time 

Turning angle Angle between two sequential 

points 

Arrest Coefficient Proportion of cells within a 

track with velocity < 2 - 4 

μm/min 

Revisitation sites Identification of cells that 

visit a site, region or other cell 

more than once within one 

track 

recurse (R)  (99) 

Superpixel tracking Pixels with similar intensities 

are grouped into superpixels 

resulting in cell tracking and 

estimation of the flow of 

cellular movement 

MOSES (Python) (85) 

Tracklets Splitting of tracks into 

segments with subsequent 

analysis 

Overlapping sliding windows with 

defined length tracklets 

(86) 

Segments of behaviour patterns 

extracted by DL models 

(87) 

Hidden Markov Model 

(HMM) 

Extraction of hidden states 

behind observed behavior 

depmixS4 (R) (115) 

Classification of animal behaviour (89) 

Noise filtering Noise from cell-based runmean, runmed (R) (116) 
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statistics and classification 

can be filtered over time with, 

for example, running median 

or mean operations 

Dynamic time warping 

(DTW) 

Computation of local stretch 

and compression to detect 

segments that exhibit similar 

patterns over time 

dtw (R / Python) (117) 

Clustering algorithms Commonly used algorithms, 

for example Gaussian Mixture 

Models, can be used to 

classify tracks into distinct 

groups based on the 

calculated statistics 

ClusterR (R) https://

CRAN.

R-

project.

org/pac

kage=Cl

usterR 
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Table 3: Software for storing and visualizing images and tracking data. 

 

Description Package Ref 

Specification for next-generation file format File format 

(NGFF) to read and write large multidimensional images in 

cloud storage 

OME-NGFF (Zarr / 

Python) 

(110) 

Framework to process large matrices in parallel processes Dask Array (Python) (118) 

Hierarchical Data Format 5 (HDF5) based format to read 

and write single cell sequencing datasets which is also 

usable to manage cell and tracking statistics 

Scanpy / Anndata (Python) (119) 

Interactive, multidimensional viewer to visualize static and 

live images 

napari (Python) (120) 

Visualizing multidimensional data on images which could 

be utilized to plot tracking statistics on images 

cytomapper (R) (121) 
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