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Summary
Time-lapse microscopy is a popular approach for quantifying single-cell dynamics. Analyzing
image sequences requires two steps: segmentation (locating the cells) and tracking (following
them). DeLTA (Deep Learning for Time-lapse Analysis) is a Python package that performs
segmentation and tracking. Initially developed to handle images of bacteria growing within the
“mother machine,” (Wang et al., 2010) a popular microfluidic device for single-cell analysis that
constrains cells to grow in one dimension (Lugagne et al., 2020), it was later extended to handle
cells growing in 2D (O’Connor et al., 2022). After three years of experience and feedback, we
are releasing version 3.0 — a major overhaul to achieve four objectives: enhance usability for
scientists, improve modularity and adaptability for developers, integrate features like growth
rate computation and lineage manipulation, and adopt modern open-source development
practices.

Statement of need
DeLTA is a deep learning pipeline for analyzing bacterial time-lapse microscopy images.

This version adds functionality while remaining true to DeLTA’s principles. DeLTA distinguishes
itself by:

• its built-in handling of mother machine settings, a context where segmentation and
tracking are performed within several regions of interest on each frame;

• its ability to cater to novice and experienced users alike, respectively through a new
interface allowing users to run and train DeLTA without writing code, and through an
API allowing programmatic and real-time use;

• new utilities provided for common analysis functions (e.g., robust estimation of growth
rate, correcting tracking errors).

Additionally, in v3.0, deep learning models have been ported to Keras, a high-level backend-
agnostic library that allows users to select any of three deep learning backends (TensorFlow
(Abadi et al., 2015), PyTorch (Ansel et al., 2024), or JAX).

State of the field
When DeLTA was originally developed, only CellProfiler (Stirling et al., 2021) and DeepCell
(Valen et al., 2016) existed in Python for cell segmentation and tracking with deep learning.
Other tools have since been developed, including StarDist (Schmidt et al., 2018; Weigert et
al., 2020) (limited to the segmentation of star-convex shapes, not appropriate for filamenting
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cells), Cellpose (Stringer et al., 2021), Omnipose (Cutler et al., 2022), MM3 (Thiermann et
al., 2024), Trackastra (Gallusser & Weigert, 2025), and Cell-TRACTR (O’Connor & Dunlop,
2025). DeLTA’s first version was developed for the mother machine. To date, only DeLTA and
MM3 offer built-in mother machine support. The second version of DeLTA extended analysis
to two-dimensional growth. The current version makes it, to our knowledge, the only package
to also provide robust growth rate estimation and utilities to manipulate lineages.

Software design
DeLTA’s design philosophy is based on a trade-off around four principles: (1) user-friendly
defaults and interfaces to empower less-technical users, (2) a modular API to allow expert
users to address all situations, (3) minimizing custom code when reliable and performant
libraries exist, and (4) providing reliable utilities for the most common needs of users beyond
segmentation and tracking.

Version 3 aims to improve all four principles:

1. The new command-line interface enables using DeLTA without writing code for
segmentation, tracking, and model training.

2. The API was rationalized to reduce naming and usage inconsistencies.
3. We adopted an open data model, based on xarray (in memory) and netCDF4 (for file

storage), to replace our custom pickle-based object serialization. See File format of
results for details and trade-offs of this approach.

4. We provided two utilities to address common needs of experimentalists: the computation
of instantaneous cell growth rate, and an interface to fix tracking errors. See the Growth
rate and Lineage sections for details on implementation.

Research impact statement
As one of the first packages using deep learning for time-lapse analysis, DeLTA has had
significant research impact (Ahmadi et al., 2024; Allard et al., 2022; Gericke et al., 2024)
and is an inspiration or reference point for the development of other packages (O’Connor &
Dunlop, 2025; Thiermann et al., 2024).

DeLTA is widely used by researchers internationally. Currently, DeLTA is downloaded ~220
times per month on the Python Packaging Index (PyPI) and ~430 times per month on
conda-forge.
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General principles of the package
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Figure 1: Schematic principles of DeLTA. First, rotation and drift are corrected. Then, for mother
machine experiments, a ROI model detects individual chambers. Then, ROI frames are segmented, and
passed to a tracking model. Finally, morphological cell features are computed, the lineage tree is built,
and growth rates are computed.

DeLTA uses three different U-Net (Ronneberger et al., 2015) models: for region of interest
(ROI) identification, segmentation, and tracking (figure 1). Once ROIs have been extracted,
the segmentation model is run frame-by-frame to determine the location of cells. Finally,
for every pair of consecutive frames, the tracking model is run once per cell in the earlier
frame, to determine the probabilities that this cell corresponds to each cell in the later frame.
After mother-daughter relationships have been determined, a lineage tree is built (see the
Lineage section) and cell features extracted: area, length, average fluorescence, and growth
rate (Growth rate section). Finally, a netCDF file and segmented movie are saved for analysis
and visualization.
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Figure 2: Lineage tree manipulation. A: Lineage tree of one mother machine chamber. Horizontal lines
represent individual cells, and vertical lines division events. Cells exit the mother machine, so some
lineages terminate before the end of the figure. The top cell is trapped and remains forever in the device.
B: These functions are used to correct tracking errors. The merge and split functions can be used to
mend or break a lineage. The adopt function can set or unset a mother-daughter relationship, while
pivot swaps mother and daughter.

DeLTA detects cell divisions, linking mother and daughter cells. Bacterial cell divisions are
typically symmetrical, however pole age has measurable effects on cell physiology, where the
daughter cell that inherits the older end of the mother cell grows more slowly than the other
daughter (Stewart et al., 2005). For this reason, we consider that the mother cell persists
through divisions, giving birth to one daughter (instead of the mother cell disappearing and
giving rise to two daughter cells). Thus, upon cell division, the mother cell retains its ID
number, while the new cell is given a new ID.

DeLTA builds the lineage tree frame-by-frame, extending existing cells and creating new
daughter cells at divisions. However, tracking errors are possible. These cases can be corrected
by relabeling the cells involved. However, relabeling requires updating an entire lineage subtree,
an error-prone operation. For this reason, we implemented a set of elementary operations
on the tree, whose combined effect allows for arbitrarily complex lineage tree manipulations
(figure 2).
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Figure 3: Alignment of cell areas for growth rate computation. Circle markers show the logarithm of the
area (number of pixels) of a mother cell and two of its daughters. Jumps are where cells divide. Crosses
show entire cell cycles that are offset (colored arrows) as a function of the relative sizes of the cells after
division (highlighted pair of points). The offset is log2 (1 +

Areamother
Areadaughter

). After offsetting, the growth
rate can be computed everywhere with a centered difference scheme.

Single-cell growth rate is considered a proxy for cell fitness. Within a population, individual
cells have different growth rates, fluctuating with time. The single-cell growth rate, 𝜇(𝑡),
satisfies the following differential equation with ℓ(𝑡) the cell length:

dℓ
d𝑡

= 𝜇(𝑡)ℓ(𝑡)

DeLTA can calculate growth rates based on cell area or length. Area-based growth rates rely
on direct counts of the number of pixels per cell, while length-based growth rates derive length
estimates from the bacterial shape. Growth rates based on volume cannot be calculated with
images at a single focal plane.

Instantaneous growth rate is computed in DeLTA as the derivative of the logarithm of cell
length (or area). To limit segmentation noise, we use a Savitzky-Golay filter (Savitzky & Golay,
1964) to simultaneously smooth and differentiate the signal. It is a centered finite difference
scheme: a deliberate choice to avoid discretization biases.

To compute the growth rate, the Savitzky-Golay filter requires one data point from the previous
frame and one from the next. To avoid jumps in growth rate around cell divisions, we offset
the areas before and after division by extrapolation of the lineage. This amounts to considering
that the area of a mother cell after division is the sum of its own area and that of its daughter
(figure 3).
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File format of results
Analysis results produce image-like data (segmentation masks and label masks), and scalar
data for every cell (ID of mother cell), or every cell and frame (features such as length, area,
average fluorescence, growth rate). In DeLTA 2.0 we used the pickle library to serialize the
results into a file. While this allowed for saving arbitrary Python objects, these files could only
be opened with the same version of DeLTA that created them.

In version 3 we now use netCDF4 (Rew et al., 1989), an open file format based on HDF5
(Group, 2025), popular for storing scientific data. A limitation of this approach, compared to
pickle files, is that the HDF5 data format only supports collections of rectangular arrays, which
required us to reorganize cell features and lineages in a rectangular fashion, at the expense of
file size, although this can be mitigated by compression or by using sparse arrays, which is a
future goal. The change to netCDF4 is an important improvement for compatibility of result
files across future versions of DeLTA.

Conclusion
DeLTA 3.0 enhances function for both novice and experienced users with new features
(including command-line interface, lineage tree manipulation and growth rate calculation),
better interoperability (results stored as netCDF files), and backend-agnostic deep-learning
models (implemented in pure Keras).
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