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Abstract 

Bacterial tracking is crucial for understanding the mechanisms governing motility, 
chemotaxis, cell division, biofilm formation, and pathogenesis. Although modern 
microscopy and computing have enabled the collection of large datasets, many exist-
ing tools struggle with big data processing or with accurately detecting, segmenting, 
and tracking bacteria of various shapes. To address these issues, we developed RABiTPy, 
an open-source Python software pipeline that integrates traditional and artificial 
intelligence-based segmentation with tracking tools within a user-friendly frame-
work. RABiTPy runs interactively in Jupyter notebooks and supports numerous image 
and video formats. Users can select from adaptive, automated thresholding, or AI-
based segmentation methods, fine-tuning parameters to fit their needs. The software 
offers customizable parameters to enhance tracking efficiency, and its streamlined 
handling of large datasets offers an alternative to existing tracking software by empha-
sizing usability and modular integration. RABiTPy supports GPU and CPU process-
ing as well as cloud computing. It offers comprehensive spatiotemporal analyses 
that includes trajectories, motile speeds, mean squared displacement, and turning 
angles—while providing a variety of visualization options. With its scalable and acces-
sible platform, RABiTPy empowers researchers, even those with limited coding expe-
rience, to analyze bacterial physiology and behavior more effectively. By reducing 
technical barriers, this tool has the potential to accelerate discoveries in microbiology.
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Introduction
The accurate and automated tracking of bacterial cells in time-lapse microscopy images 
and videos is important for gaining mechanistic insights into a wide range of fundamen-
tal biological processes. Bacteria exhibit diverse morphologies, movement strategies, 
and behaviors that underlie key processes such as motility, chemotaxis, cell division, 
biofilm formation, and pathogenicity [1–4]. Characterizing the spatial and temporal 
dynamics of individual cells as they navigate complex environments provides crucial 
insights into how genetic, physiological, environmental, and host-associated factors 
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drive population-level outcomes. For example, elucidating how bacterial cells respond to 
gradients of nutrients or antibiotics can inform the design of more effective antimicro-
bial strategies, while understanding the mechanisms behind coordinated behaviors like 
swarming or fruiting body formation can uncover new principles in microbial develop-
ment and ecology.

Over the past decade, a variety of computational approaches have been developed to 
automate bacterial cell segmentation and tracking by leveraging classical image process-
ing techniques such as global or local thresholding, edge detection, and morphological 
filtering. Current platforms include, but are not limited to, the TrackMate [5] plugin of 
ImageJ [6], Oufti [7], YSMR [8], MicrobeTracker [9], and MicrobeJ [10]. Some of the 
available tracking software rely mostly on traditional segmentation methods that uti-
lize traditional image thresholding, either alone or in combined with fitting methods. 
However, these techniques can yield inconsistent results, especially when processing 
cells with non-standard shapes such as filamentous or helical bacterial forms. To address 
these complexities, recent approaches have begun incorporating algorithms that are 
pre-trained on diverse cell shapes into the segmentation pipeline. Neural network-based 
methods, such as those demonstrated by Omnipose [11], trained on microbial images, 
and CellPose [12], trained on the morphology of various eukaryotic cells, have shown 
promise in segmenting complex cell shapes and crowded fields of view. These algorithms 
learn shape priors and texture features directly from annotated training data, often out-
performing traditional segmentation methods, especially when dealing with heterogene-
ous cell populations. Nevertheless, the uptake of these tools can be hindered due to lack 
of their seamless integration with existing workflows for tracking bacteria in thousands 
of images generated from a single experiment, a task that is significantly cumbersome 
for a biologist who has limited training in software development. Furthermore, as exper-
iments increasingly yield massive datasets, either through long-term imaging or parallel 
acquisition from multiple fields of view, scalability, computational efficiency, and cloud 
computing have emerged as critical requirements. Recent updates to TrackMate provide 
additional segmentation plugins that integrate machine learning tools like ilastik [13] 
and deep learning approaches such as Cellpose [12], StarDist [14] and Omnipose [11] 
to offer improved segmentation accuracy. While these methods generally work well, on 
typical personal computers, they tend to slow down considerably when analyzing thou-
sands of densely packed bacterial swarms or images of motile bacteria with low signal-
to-noise ratios. Moreover, tools like Weka [15] and ilastik [13] mostly require a training 
phase for bacterial images. This training process can be time-intensive, particularly for 
users with limited computational expertise. Even though Omnipose [11] is trained on 
bacterial images and supports GPU acceleration, and TrackMate has incorporated AI-
based segmentation options, users working with large-scale bacterial datasets may still 
experience performance bottlenecks. For instance, due to the use of CPU memory by 
the traditional versions of ImageJ [6] and the need  for scripting to access TrackMate’s 
batch mode, a non-coder might find it very time-consuming to load thousands of (non-
virtual) images from a single bacterial tracking experiment on the software’s graphical 
user interface. In addition, fragmented workflows that involve multiple tools written in 
different programming languages could lead to compatibility issues in the future while 
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the requirement of manual steps for data analysis can further complicate the process for 
biologists lacking extensive computational skills.

In response to these evolving challenges, we introduce RABiTPy (Rapid Artifi-
cially-intelligent Bacterial Image Tracker in Python), an open-source Python software 
package designed to simplify bacterial tracking for researchers who may lack exten-
sive coding experience. Unlike many existing solutions, RABiTPy emphasizes a fully 
integrated pipeline that combines segmentation, tracking, analysis, and visualization 
within a unified, scriptable interface, streamlining the full workflow and reducing the 
need to switch between platforms. The package seamlessly integrates a variety of tra-
ditional thresholding and AI-based segmentation methods, including Omnipose, with 
TrackPy [16] (a Python-based tracking library), enabling precise and efficient tracking 
of bacterial cells from segmented data. By combining the strengths of both traditional 
and advanced segmentation techniques with robust tracking capabilities within a sin-
gle, user-friendly platform, RABiTPy provides a consolidated workflow by combining 
widely used tools into a single pipeline, reducing the need to switch between plat-
forms for an extensive variety of use cases. Whether analyzing sparse populations of 
bacterial cells or collectively moving monolayers of morphologically diverse species, 
RABiTPy can handle bacteria exhibiting a range of behaviors, including swimming 
[17], gliding [18], or twitching [19], either as individual cells [20] or within collective 
monolayers [21]. Additionally, RABiTPy is able to identify various microbial shapes, 
ensuring accurate segmentation and tracking across different morphological types.

Beyond its tracking capabilities, RABiTPy allows users to analyze and visualize track-
ing data in multiple publication-quality formats. It provides a range of data analysis tools 
that facilitate the extraction of key metrics such as trajectories, motile speeds, mean 
squared displacement, and turning angles. The software includes a suite of customizable 
plotting functions that generate high-quality visualizations, including real-time trajec-
tory overlays, spatiotemporal scatter plots, speed distribution histograms, and heatmaps 
of trajectory density. These features enable researchers to present their findings clearly 
and effectively, supporting the interpretability and impact of their studies.

By using the Jupyter notebook environment, RABiTPy offers an interactive, accessi-
ble, and scriptable interface, lowering the barriers to entry for biologists that wish to 
track and analyze their favorite microbes. Beyond segmentation and tracking, RABiTPy 
emphasizes performance and scalability. Its modular architecture enables efficient han-
dling of large datasets and supports both CPU and GPU acceleration along with cloud 
computing, allowing users to exploit powerful computational resources. Integration with 
standard scientific Python libraries, such as NumPy [22], Pandas [23], Seaborn [24, 25], 
scikit-image [26], segmentation library such as Omnipose [11], and the tracking library 
TrackPy [16] ensures compatibility with a broad ecosystem of analysis tools, while cus-
tomizable parameter settings and intuitive visualization features support iterative refine-
ment and quality control. Through these capabilities, RABiTPy streamlines the path 
from raw data to quantitative insights, accommodating a wide variety of experimen-
tal systems, imaging modalities, and bacterial species. We demonstrate that RABiTPy 
accurately segments and tracks multiple bacterial species including but not limited to, 
Escherichia coli [27], Pseudomonas aeruginosa [28], Mycoplasma mobile [29, 30], Spiro-
plasma eriocheiris [29, 31], Bacillus subtilis [32], Proteus mirabilis [33], Flavobacterium 
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johnsoniae [34], and Helicobacter pylori [4]. These bacteria have different shapes ranging 
from rods, spherical, filamentous, helical, or irregular and we find that RABiTPy enables 
precise, large-scale quantification of bacterial dynamics and motility patterns.

RESULTS
Modular workflow of RABiTPy for bacterial tracking

RABiTPy utilizes a robust and modular workflow designed for high-throughput bacte-
rial tracking and analysis (Fig. 1). To enhance user accessibility, it accepts a wide range of 
input formats, including ‘.tiff stacks’, individual image files, ‘.avi’, and ‘.mov’ (see methods). 
The software is compatible with time-lapse microscopy images captured using phase-
contrast, DIC, or fluorescent microscopes. For segmentation, RABiTPy offers flexibil-
ity by allowing users to apply standard thresholding algorithms from the scikit-image 
[26] library, such as Otsu’s method [35], Li’s minimum cross-entropy [36], or adaptive 
local thresholding [37]. These algorithms, documented in the thresholding module 
of the Python library scikit-image [26], are well-suited for simpler datasets with clear 

Fig. 1  Overview of the RABiTPy workflow. RABiTPy processes time-lapse microscopy images through 
segmentation, feature extraction, and motility tracking. The software generates outputs such as trajectory 
overlays, speed distributions, and trajectory density heatmaps, enabling comprehensive analysis of bacterial 
motility. The QR code on bottom right links to the walkthrough (example) Jupyter notebook
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contrast. For more challenging cases, such as densely populated images or poorly sepa-
rated objects, RABiTPy integrates Omnipose [11], a neural network-based segmentation 
algorithm pre-trained on diverse bacterial cell datasets.

By providing two distinct segmentation pathways (Fig.  1), the Jupyter notebook of 
RABiTPy allows researchers to choose between traditional and deep learning-based 
segmentation methods depending on their dataset complexity, enabling adaptable work-
flows across a range of bacterial imaging conditions. Once bacterial cells are detected, 
the software extracts key features such as area, centroid, and length, forming the foun-
dation for subsequent tracking analyses. RABiTPy delivers a range of visually intuitive 
outputs, including real-time trajectory overlays on images, spatiotemporal scatter plots 
of tracks, speed distribution histograms, and heatmaps of trajectory density (Fig.  1). 
These outputs support both exploratory and quantitative analyses of bacterial motility. 
RABiTPy builds on existing segmentation algorithms and its strength lies in unifying 
both traditional and deep learning-based approaches within a single, cohesive, custom-
izable, and user-friendly framework, allowing users to flexibly adapt their workflows to 
experimental needs and efficiently transition from segmentation to analysis.

RABiTPy is a versatile software for tracking the motility of diverse bacterial species

RABiTPy was tested on a wide range of bacterial species with diverse shapes, sizes, 
and movement strategies, such as Mycoplasma mobile [29, 30], Spiroplasma eriocheiris 
[29, 31], Proteus mirabilis [33], Bacillus subtilis [32], Flavobacterium johnsoniae [34], 
Escherichia coli [27] and Helicobacter pylori [4] (Figs. 2 and 3). These species represent a 
spectrum of bacterial morphologies, from rod-shaped cells to helical forms and motility 
types, including gliding, swimming, and swarming. RABiTPy accurately tracks the single 
cell gliding of M. mobile and F. johnsoniae, the serpentine swimming of S. eriocheiris, the 
complex group dynamics of B. subtilis and P. mirabilis and the swimming movements 
of H. pylori, and Escherichia coli. Swarms of B. subtilis posed an extra challenge due 
to higher density, but when combined with AI-based segmentation, the software per-
formed well while tracking the monolayer of swarming cells (Fig. 3). Quantitative analy-
ses further underscore the performance of RABiTPy across datasets. For example, speed 
distributions for each species reveal distinct motility ranges, while trajectory density 
heatmaps and turning angle analyses provide additional layers of insight into bacterial 
dynamics. By giving the user the option to initiate trajectories from a common origin, 
RABiTPy ensures consistent comparisons across species, enabling researchers to evalu-
ate motility differences effectively (Figs. 2 and 3).

Detailed tracking of the gliding bacterium F. johnsoniae as an example to demonstrate 

the capability of RABiTPy

We used F. johnsoniae UW101, a model organism well-known for its robust gliding 
motility, as a case study (Fig.  4). Gliding motility, defined by smooth, surface-associ-
ated movement interspersed with sudden turns and achieved without the use of flagella 
or pili, is a hallmark feature of this species [31]. This unique behavior makes F. john-
soniae an ideal candidate for evaluating the precision and depth of the tracking capa-
bilities of RABiTPy. Using time-lapse images acquired with a standard phase-contrast 
microscope, RABiTPy successfully tracked multiple F. johnsoniae cells gliding on a glass 
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surface generating detailed outputs that quantitatively characterized their motility. For 
this analysis, the input was a standard AVI format video file and the entire workflow was 
executed within a Jupyter notebook using RABiTPy’s modular pipeline. The video file 
and Jupyter notebook can be found here: https://​github.​com/​indra​neel2​07/​RABiT​Py/​
tree/​main/​Addit​ional%​20exa​mples. Cells were segmented using the integrated Omnip-
ose model with default parameters, followed by morphological filtering to exclude small 
objects (area < 20 px2). Tracking was performed using the built-in TrackPy-based linker 
with max displacement set to 50 pixels and memory set to 50 frames. Trajectories were 
then filtered to retain only those present for at least 500 frames and exhibiting mini-
mum displacement of 20 pixels. Track smoothing was applied using a Savitzky-Golay 
[38] filter (window length = 5, polyorder = 2), and turning angles were computed from 
simplified trajectories using Ramer–Douglas–Peucker (RDP) [39, 40] with ε = 5.0. Addi-
tional analyses were performed on these outputs to highlight the versatility of RABiTPy 

Fig. 2  Usage of traditional thresholding and AI-based methods for segmentation across diverse bacterial 
species. RABiTPy demonstrates segmentation performance using algorithm-based or adaptive thresholding 
and AI-based methods on bacterial images with varying shapes and densities. While both approaches enable 
accurate segmentation, AI-based methods excel in densely populated and crowded environments, ensuring 
reliable motility tracking

https://github.com/indraneel207/RABiTPy/tree/main/Additional%20examples
https://github.com/indraneel207/RABiTPy/tree/main/Additional%20examples
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in providing usable data for various subsequent analyses. The time-lapse trajectory over-
lays (Fig.  4A) clearly distinguish individual movement paths, highlighting the smooth 
gliding motion of cells across different frames, which also provided a visual validation 
of tracking fidelity on raw video frames. The mean squared displacement (MSD) analysis 
(Fig. 4B) revealed consistent motility dynamics, emphasizing the uniformity and robust-
ness of gliding behavior over time. Aspect ratio distributions (Fig.  4C) captured cell 
morphology variations, highlighting the elongated shapes characteristic of gliding cells 
and demonstrating how RABiTPy can be used for morphometric filtering or subpopu-
lation analysis. A correlation analysis between cell area and speed (Fig. 4D) revealed a 
moderate negative relationship (r = − 0.41, p = 4.78 × 10⁻2 but there is a wide spread thus 
suggesting that more data is required before any significant conclusions are made. This 
trend may be influenced by a combination of physical and mechanical factors, such as 
altered surface contact or changes in cellular adhesion dynamics related to size [41–43]. 
Turning angle analysis emphasized the directional persistence of their movement, with 
cells generally following linear paths and occasional abrupt changes in direction, consist-
ent with their surface-associated motility. Further analysis of the generated trajectory 
data (Fig. 4E) enabled detailed visualization of both distances traveled and angle changes 
over time for individual cells, exemplified by a single representative cell. Cell-wise turn 

Fig. 3  Tracking the motility of diverse bacterial species. RABiTPy tracks trajectories of bacteria with diverse 
morphologies, capturing distinct motility behaviors across species. Quantitative outputs such as speed 
distributions and trajectory density maps demonstrate its ability to analyze motility comprehensively across a 
wide range of bacterial types
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frequency (Fig. 4F) also provided insights into individual cell behavior, highlighting vari-
ability in turning patterns among the population, suggesting behavioral diversity, even 
within a clonal population, potentially linked to local surface properties or dynamic 
adhesion regulation [44, 45]. These analyses illustrate how RABiTPy-generated data 
can support more detailed downstream investigations of bacterial motility. Further-
more, real-time trajectory overlays generated by RABiTPy enhanced the visualization 
of F. johnsoniae movement paths. This end-to-end pipeline demonstrated on a single 
1500-frame AVI video (15 fps), can be easily adapted by users for other gliding or motile 
species with minimal parameter tuning. This feature proved particularly valuable for 
interpreting dynamic behaviors such as pauses, directional shifts, and clustering, offer-
ing a comprehensive understanding of their motility patterns.

Comparisons of RABiTPy‑generated trajectories with the ground truth

To test the accuracy of RABiTPy-generated trajectories, three different users manu-
ally tracked Flavobacterium johnsoniae and Pseudomonas aeruginosa [28] cells from 
two different videos to establish the consensus ground truth. When compared with 
the consensus ground truth, several key metrics were used to evaluate the tracking 
performance. Identification F1-Score (IDF1) reflects the harmonic mean of precision 

Fig. 4  Detailed analysis of bacterial motility. RABiTPy tracks the motility of the gliding bacterium F. johnsoniae 
as a use case, generating comprehensive quantitative metrics, including (A) overlay of RABiTPy trajectories 
on images at frames 250, 850, and 1500. B Log–log plot of mean squared displacement (MSD) versus lag 
time, showing individual cell trajectories (gray lines) and the ensemble MSD (blue line). C Aspect ratio 
distributions (cell length/cell width) representing the morphology of the cells in the video. D Correlation of 
speed and area, where individual cells are plotted as blue dots, and the red line shows a negative correlation. 
E Trajectory and angle analysis of a representative cell, including the simplified trajectory with turn points 
(top panel, color-coded by time) and angular changes as a function of distance traveled (bottom panel). F 
Distributions of turn behaviors, with the top panel showing the angle frequency distribution and the bottom 
panel showing cell-wise turn frequency, where each colored bar represents the turn frequency of a single cell



Page 9 of 16Sen et al. BMC Bioinformatics          (2025) 26:127 	

and recall in identity assignment, ensuring accurate tracking over time. Identifica-
tion Recall (IDR) measures the proportion of correctly tracked identities among 
the ground truth, indicating the reliability of the tracking algorithm in maintaining 
object identities. Multiple Object Tracking Accuracy (MOTA) evaluates the overall 
tracking performance by combining identity switches, missed detections, and false 
positives, providing a comprehensive measure of tracking accuracy [46]. Mean Inter-
section over Union (Mean IoU) [47] assesses the spatial alignment between predicted 
and ground truth segmentation, indicating how well the detected shapes overlap with 
the actual objects. F. johnsoniae tracking achieved IDF1, ID Recall (IDR), MOTA, and 
Mean IoU values of 0.996, 0.993, 0.993, and 0.994, respectively, reflecting high accu-
racy in identity management and spatial alignment. Similarly, for P. aeruginosa, IDF1, 
ID Precision (IDP), ID Recall (IDR), and MOTA were 0.978, 0.996, 0.960, and 0.954, 
with a Mean IoU of 0.994, underscoring precise tracking with minimal errors. It high-
lights the close alignment between user-tracked and RABiTPy-derived paths, demon-
strating minimal deviations (Δd) across multiple cells (Fig. 5). Positional accuracy was 
further assessed through Euclidean errors and percentage deviations. For F. johnso-
niae, the overall mean Euclidean error was 0.43 µm (SE: 0.0073 µm), while for P. aer-
uginosa, it was 0.13 µm (SE: 0.0034 µm). Percentage errors showed low deviations for 
both species—for F. johnsoniae, the mean percentage error in the x-coordinate was 
0.137% (SE: 0.019%), while the y-coordinate exhibited 0.590% (SE: 0.025%). For P. aer-
uginosa, the mean percentage errors for x and y coordinates were 0.123% (SE: 0.013%) 

Fig. 5  Validation of the tracking accuracy of RABiTPy. Comparison of user-tracked trajectories and 
RABiTPy-derived trajectories (colored tracks) demonstrate minimal deviations, highlighting the consistent 
performance of RABiTPy. A Time-lapse images showing trajectories of F. johnsoniae cells. B Ground truth 
(represented by diamond, circle, and square markers) and RABiTPy-derived trajectories of F. johnsoniae. 
C Positional deviations (Δd) of user-tracked data from RABiTPy trajectories across individual F. johnsoniae 
cells. D Time-lapse images showing trajectories of P. aeruginosa cells. E Ground truth and RABiTPy-derived 
trajectories of P. aeruginosa. F Positional deviations (Δd) of user-tracked data from RABiTPy trajectories across 
individual P. aeruginosa cells
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and 0.243% (SE: 0.013%), respectively. These results demonstrate RABiTPy’s accuracy 
and reliability across diverse datasets.

Discussion
The development of RABiTPy addresses longstanding challenges associated with 
existing tools for bacterial tracking. By adopting a hybrid model that integrates both 
classical image processing techniques and advanced AI-driven segmentation methods 
(Fig. 1), RABiTPy provides a robust platform capable of handling diverse and complex 
datasets that are typical in modern microbiological research. For instance, our results 
with P. mirabilis, F. johnsoniae, H. pylori, S. eriocheiris, M. mobile, E. coli, and B. sub-
tilis, illustrate the ability of RABiTPy to accurately track both individual and collec-
tive movements, encompassing swimming, gliding, and swarming behaviors (Figs. 2 
and 3). This adaptability ensures that researchers can apply RABiTPy to a wide range 
of experimental systems without the need for extensive customization or multiple 
software platforms.

The incorporation of AI-based segmentation methods significantly enhances its per-
formance in challenging imaging conditions. This segmentation accuracy translates 
directly into more reliable tracking results, thereby enabling precise quantitative analy-
ses of bacterial motility and dynamics. While the robust AI-driven segmentation excels 
in complex imaging conditions, in future, the performance of pre-trained models can be 
further optimized for specific experimental setups. To enhance user experience, future 
versions of RABiTPy could include a broader range of pre-trained models and intuitive 
tools for custom model training. These enhancements will make advanced segmentation 
even more accessible, ensuring that all users can achieve optimal results with minimal 
effort.

One notable advantage of RABiTPy is its scalability and efficiency in processing large 
datasets. The support for both CPU and GPU processing, coupled with its modular 
architecture, ensures that it can efficiently manage and analyze large-scale datasets. 
Additionally, performance limitation due to local computational resources can be easily 
circumvented through the use of cloud computing platforms such as Google Colab. This 
capability is essential for high-throughput studies aimed at uncovering complex bacte-
rial behaviors across many conditions and replicates, even on resource-constrained sys-
tems. The user-friendly interface of RABiTPy, facilitated by its operation within Jupyter 
notebooks, democratizes access to advanced bacterial tracking capabilities. By lowering 
the barrier to entry for researchers without extensive programming expertise, RABiTPy 
enables a broader segment of the microbiology community to leverage sophisticated 
tracking and analysis tools. The interactive nature of Jupyter notebooks allows users to 
iteratively refine their analysis workflows, visualize intermediate results, and customize 
parameters in real-time, fostering a more intuitive and efficient research process. Addi-
tionally, the provision of publication-ready visualization options ensures that research-
ers can seamlessly transition from data analysis to manuscript preparation, enhancing 
the overall workflow efficiency. Overall, RABiTPy provides an integrated pipeline for 
bacterial segmentation, tracking, visualization, and analysis. Designed for users without 
extensive programming experience, it facilitates exploration of fundamental microbio-
logical questions. Its capacity to handle large, diverse datasets supports high-throughput 
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screening and systems biology approaches, accelerating discoveries in microbial physiol-
ogy and ecology. As the tool evolves, it is well positioned to support deeper investiga-
tions into microbial life and its interactions with the environment and host organisms.

Methods
Software, hardware, and installation guidelines

RABiTPy is compatible with Windows, macOS, and Linux, and it requires Python 
3.10.11. The tool is typically run within Jupyter Notebooks. A detailed Jupyter Notebook 
is available as a walkthrough in our GitHub https://​github.​com/​indra​neel2​07/​RABiT​Py/​
blob/​main/​walkt​hrough.​ipynb

and a PDF file of the walkthrough is available as supplementary text.
This walkthrough ensures that the user can install RABiTPy and its required Python 

libraries using pip and runs example files. The recommended installation command for 
use within a Jupyter notebook is also provided in our GitHub README: https://​github.​
com/​indra​neel2​07/​RABiT​Py. Also, RABiTPy is available on PyPI (https://​pypi.​org/​proje​
ct/​RABiT​Py/) and a PDF of the PYPI page is available as supplementary text—users can 
install it directly in Jupyter notebook or other Python environment using the command: 
“pip install RABiTPy”. Before proceeding with their own tasks, it is recommended that 
the user run through the walkthrough and the included example file to ensure that their 
environment is set up correctly.

Supported datatypes

RABiTPy enables seamless loading and processing of both video files and image 
sequences, ensuring compatibility with a wide range of microscopic datasets. It converts 
frames extracted from microscopic movies or image sequences into NumPy arrays [23], 
making them ready for analysis (Figure S1). The tool supports common video formats—
AVI, MP4, MPG, and MPEG thus offering flexibility for various experimental setups. By 
default, RABiTPy operates at 15 frames per second and uses a pixel scale factor of 1, but 
users can interactively adjust these settings to meet their specific needs. For experiments 
that produce individual images rather than continuous video, RABiTPy also supports 
importing PNG, JPG, and TIFF files. To ensure reproducibility and accurate quantifica-
tion, we recommend that users retain the original acquisition resolution, regardless of 
the file format used.

Segmentation and detection of microbial cells

RABiTPy offers a precise framework for cell detection within image frames, provid-
ing flexibility through two distinct methods: thresholding and AI-based detection 
using Omnipose [11], an algorithm that is pre-trained with images of diverse microbes. 
Thresholding options include manual, adaptive, and algorithm-driven methods, enabling 
microbiology researchers to select the approach best aligned with their experimental 
conditions and objectives (Figure S2). The manual thresholding method is typically rec-
ommended when the users are more familiar with their datasets and can specify a fixed 
threshold value to classify pixels into foreground and background, making it particularly 
useful for datasets with consistent lighting and contrast.

https://github.com/indraneel207/RABiTPy/blob/main/walkthrough.ipynb
https://github.com/indraneel207/RABiTPy/blob/main/walkthrough.ipynb
https://github.com/indraneel207/RABiTPy
https://github.com/indraneel207/RABiTPy
https://pypi.org/project/RABiTPy/
https://pypi.org/project/RABiTPy/
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Algorithm-based thresholding dynamically determines the ideal threshold by analyz-
ing the intrinsic statistical or geometric attributes of an image. RABiTPy equips users 
with a broad selection of such techniques, enabling precise customization to meet spe-
cific analytical demands. These methods are outlined below: (1) Otsu’s Method [35]. It is 
particularly suited for tasks that require maximizing the between-class variance ( σ 2 ) to 
distinguish foreground from background elements in an image. This approach can be 
defined by the following equation: σ 2 = w1(µ1 − µT )

2 + w2(µ2 − µT )
2 . Here, w1 and 

w2 represent the probabilities of the two classes (background and foreground), µ1 and µ2 
denote the mean intensities of the background and foreground pixels, respectively, and 
µT signifies the total mean intensity of the image. (2) Isodata [48]: It iteratively calculates 
the threshold ( T  ) as the midpoint of the mean intensities of the background (µbg) and 
foreground (µfg): T = (µbg + µfg )/2.(3) Li’s method [36]: It utilizes the logarithmic ratio 
of mean intensities to determine the threshold, where ( T  ) represents the threshold, µbg 
is the mean intensity of the background pixels, and µfg is the mean intensity of the fore-
ground pixels: T = ln(µbg/µfg ) . (4) Triangle Method [26] identifies the threshold T  as 
the histogram bin where the distance D(x) between the histogram and a line connecting 
the peak and endpoint of the histogram is greatest. D(x) = � H(x)− L(x) �

/√
1+m2 

where x represents the bin index in the histogram. H(x) denotes the value of the histo-
gram at bin x . L(x) represents the value of the line connecting the peak and endpoint of 
the histogram. m is the slope of the line L(x) and D(x) specifies the distance from the 
histogram H(x) to the line L(x) . The threshold T  is then identified as the bin where the 
distance D(x) is the largest.

Adaptive thresholding [37] computes thresholds for different regions of the image, 
making it effective for scenarios with non-uniform illumination by ensuring localized 
adaptability. Gaussian adaptive thresholding, for instance, computes the threshold 
T (x, y) for each pixel based on the mean intensity. T

(

x, y
)

= µN×N

(

x, y
)

− C . Here, 
µN×N is the mean intensity of the N × N  neighborhood centered at 

(

x, y
)

 and C is a a 
constant subtracted from the mean to determine the threshold.

RABiTPy also integrates the multiple pre-trained models of Omnipose [11]. For exam-
ple, the bact phase omni model is tailored for bacterial segmentation in phase-contrast 
images, while bact fluor omni is designed for bacterial segmentation in fluorescence 
microscopy. Additionally, the bact phase omni 2 model provides a simplified solution 
for single-channel bacterial phase-contrast imaging. All these deep neural network mod-
els are integrated into RABiTPy and can be applied directly within the same Jupyter 
notebook.

Feature extraction

After detecting and segmenting the cells using the above-described methods, RABiTPy 
can extract a comprehensive set of features for detailed object analysis. These include 
spatial properties (e.g., area, bounding box, centroid, long axis, short axis), shape 
descriptors (e.g., eccentricity, equivalent diameter, perimeter), and intensity-based 
measures (e.g., mean, minimum, maximum intensity, weighted centroid). The centroid 
(Cx,Cy) =

∑

i(xi, yi)I
(

xi, yi
)

/

∑

i I
(

xi, yi
) is the weighted mean position of pixels within a 

segmented region. Its calculation provides a precise geometric center for each cell, 
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which RABiTPy uses to determine cell trajectories across frames later. 
Here,  (Cx,Cy)  denotes the centroid coordinates,  (xi, yi)  are the coordinates of each 
pixel  i  in the region, and  I(xi, yi) is the intensity of pixeli . To further improve centroid 
accuracy, an option has been added to fit a 2D Gaussian to the detected features. This 
refinement is particularly beneficial for low-magnification videos where bacteria appear 
more circular, enhancing localization precision [49]. The 2D Gaussian function used for 
refinement is defined as:

where A is the amplitude, (x0,y0) is the centroid, σx,σy are the standard deviations in x 
and y, and C is the offset.

Tracking of microbial cells

The DataFrame generated after feature extraction of microbial cells of diverse morphol-
ogies is fed into the algorithm of the Python package TrackPy [17] to accurately track 
particle positions across successive frames. The algorithm identifies the closest match-
ing particle in the next frame based on spatial proximity, minimizing the likelihood of 
mismatches. Proximity is assessed using highly configurable parameters set by the user, 
including the maximum allowable distance between consecutive positions, tolerance for 
missing frames, and centroid coordinates as reference points for linking particles. These 
parameters ensure reliable trajectory construction, even in densely populated systems. 
The resulting trajectories are organized into a structured format, associating particle 
identifiers with their movements and enabling users to derive meaningful insights into 
dynamic motion patterns. Advanced filtering options refine the analysis, allowing users 
to exclude particles with minimal movement or insufficient presence across frames. This 
ensures that the dataset remains focused on significant and actionable motion data (Fig-
ure S3).

Visualization and analysis of tracking data

In addition to its versatile microbial detection and tracking capabilities, RABiTPy 
enhances the user experience with a powerful video overlay feature. This allows the user 
to visualize particle trajectories, where the labels correspond to particle IDs from the 
generated CSV, directly on image or video frames, uniquely coloring particles and dis-
playing cumulative tracks over time. By seamlessly combining visualization with anal-
ysis, users gain an intuitive and dynamic understanding of particle motion across the 
video, enabling real-time validation of tracking results.

RABiTPy package provides a comprehensive framework for analyzing cell speed dis-
tributions. It is specifically designed to process motion data, offering tools for calculat-
ing mean speeds, fitting statistical distributions to speed data, visualizing speed patterns, 
and exporting analyzed results for further use. By default, it employs a normal distri-
bution for data fitting, but it is versatile enough to support alternative distributions as 
needed. The visualization is structured as a grid of plots, with customizable parameters 
to adjust the number of plots displayed per row and the type of statistical model used for 

G
(

x, y
)

= Aexp

(

−

(

(x − x0)
2

2σ2x
+

(

y− y0
)2

2σ2y

))

+ C
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fitting speed data. Default settings include four plots per row and a normal distribution 
for fitting – with options for alternative curve fittings provided to the user. Additionally, 
the range of x-axis (swimming speed) values for Gaussian fitting is customizable, with 
the default implementation automatically selecting the 5% and 95% confidence interval 
(CI) limits if no user-defined range is provided. The computed mean speeds are stored 
in a structured format, allowing further analysis or integration into comparative stud-
ies (Figure S4). This analysis provides insights into the general dynamics of the system, 
revealing trends and patterns that emerge from the collective motion. The walkthrough 
file includes additional notebooks for such applications. For example, we provide the 
codes to calculate Mean Squared Displacement (MSD) values from the particle trajecto-
ries data frame generated by RABiTPy.

(https://​github.​com/​indra​neel2​07/​RABiT​Py/​blob/​main/​Addit​ional%​20exa​mples/​
Combi​ning%​20Mul​tiple%​20Tra​cks.​ipynb).

This involves determining the displacement for each time lag and computing ensem-
ble averages. These values can then be visualized using a log–log plot of MSD versus 
time, providing insights into the diffusion behavior of the cells. Additionally, turn-points 
can be identified by smoothing trajectories with filters such as the Savitzky-Golay [38] 
or Ramer-Douglas-Peucker algorithms [39, 40] from SciPy [50], followed by detecting 
angular changes above a defined threshold.

(https://​github.​com/​indra​neel2​07/​RABiT​Py/​tree/​main/​Addit​ional%​20exa​mples).
The features of these turn-points are illustrated in Fig. 4E and F. These integrated anal-

yses offer a comprehensive understanding of motility patterns and the dynamic behav-
ior of cells within the dataset. Therefore, the breadth of outputs generated by RABiTPy 
facilitates the study of bacterial motility and offers a single platform for researchers to 
perform analyses tailored to specific questions, such as turn behaviors, speed correla-
tions, and morphological dependencies. Its adaptability to different motility types fur-
ther highlights its potential in studying a wide range of motile organisms.

Tracking accuracy evaluation

Tracking accuracy was evaluated using representative datasets of Flavobacterium john-
soniae and Pseudomonas aeruginosa [29]. For each species, five individual cell tracks 
were selected per video. Three independent users manually tracked each of the five cells 
in each video using ImageJ. To generate a consensus ground truth, the x–y positions 
recorded by the users were averaged frame-by-frame for each cell. This approach mini-
mized user bias and established a robust reference trajectory for comparison. RABiTPy 
was then used to segment and track the same cells using Omnipose for segmentation 
and TrackPy for trajectory generation. Using several standard performance metrics, the 
resulting trajectories were compared against the consensus ground truth. Identification 
F1 Score (IDF1) quantified the harmonic mean of precision and recall in identity assign-
ment. Identification Recall (IDR) and Identification Precision (IDP) assessed how accu-
rately cell identities were maintained across frames. Multiple Object Tracking Accuracy 
(MOTA) measured overall tracking accuracy by accounting for missed detections, false 
positives, and identity switches. Mean Intersection over Union (Mean IoU) evaluated 

https://github.com/indraneel207/RABiTPy/blob/main/Additional%20examples/Combining%20Multiple%20Tracks.ipynb
https://github.com/indraneel207/RABiTPy/blob/main/Additional%20examples/Combining%20Multiple%20Tracks.ipynb
https://github.com/indraneel207/RABiTPy/tree/main/Additional%20examples
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the spatial overlap between segmented masks and the manually annotated ground truth. 
Finally, positional accuracy was assessed using Euclidean error and percentage devia-
tions in both x and y coordinates.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s12859-​025-​06145-w.
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