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ABSTRACT

Training Deep Neural Networks for tracking individual cells in
biomedical videos requires a large amount of annotated data. The
annotation of videos for cell tracking is very time consuming and
often requires domain expertise; this explains the limited availability
of public annotated data to address important medical problems like
tissue repair or cancer treatment. Generating synthetic videos along
with their Ground Truth annotations is a promising solution that
relies, as a foundational first step, on the synthesis of single cell
annotations (or phantoms). Phantoms need to be time consistent, as
they have to replicate biological processes that are specific to the cell
types. In this work, we propose a novel framework for generating
videos of cell phantoms in the Elliptical Fourier Descriptors (EFDs)
domain, a compact and geometrically interpretable representation
for 2D closed contours. We represent the cell phantom evolution as
a multivariate time series of EFD coefficients, introducing a strong
prior for cell morphology and enabling the efficient generation of
sequences that evolve coherently in time. Our experimental vali-
dation proves that modelling the temporal evolution in EFD space
enables the generation of biologically plausible phantom videos.
Our method can be used in generative pipelines for synthesizing an-
notated data for cell tracking, thus strongly mitigating the annotation
effort for creating new datasets. Our code is available for download
here: https://github.com/FrancescoBenedetto99/efd-cell-video-gen.

Index Terms— Cell Phantom, Cell Tracking, Biomedical Video
Generation

1 Introduction

Cell tracking is the problem of analysing videos of living cells (Fig.
la) and segment and track each cell instance along the frames [1]
(Fig. 1b). State-of-the-art solutions in cell tracking are represented
by Deep Learning (DL) models [2], which are becoming fundamen-
tal tools to study the properties of living cells and to understand tis-
sue development and repair, cancer treatment and drug development
[3]. Unfortunately, training DL models for cell tracking requires
large datasets annotated by domain experts, which are very time
consuming to prepare. Moreover, the variability in cell types (or
cell lines) and tissue preparation procedures for microscopy imaging
may require annotating videos for each setting. An appealing per-
spective to train cell tracking models consists in synthetically gener-
ating custom annotated datasets, which is nowadays possible given
the advances in data generation. In this work, we address the prob-
lem of generating Ground Truth (GT) videos of binary masks for
single cells (also called cell phantoms, Fig. 1c) in cell tracking set-
tings.

t=41
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Fig. 1: Frames from the Fluo-N2DL-HeLa dataset [6] at different
time steps ¢. (a) Histological video, (b) cell tracking Ground Truth,
and (c) a cell phantom. The bounding box highlights the same cell
at different times t = 41, ¢t = 81.

Research on the generation of synthetic annotated datasets for
cell segmentation and tracking follows two main paradigms: end-to-
end and pipeline-based. End-to-end approaches use Deep genera-
tive models (e.g., GANSs or diffusion models) to directly synthesize
complete microscopy images and videos with their annotations in a
single step [4]. Although achieving high visual realism, these data-
driven, black-box methods require large annotated datasets them-
selves and offer limited control over individual cell properties (mor-
phology, positioning, movements and texture), losing control on the
generation process. On the other hand, pipeline-based approaches
explicitly decompose generation into multiple stages, allowing the
injection of domain expertise in the generation process. Pipelines
generating images are typically made of three steps: (1) phantom
generation, (2) spatial positioning, and (3) texture image synthesis,
enabling better control over each generation aspect [5]. In videos,
a straightforward extension of these pipelines for the accounting of
cell evolution and movement is (1) phantom videos generation, (2)
composition, movement and interaction modelling, and (3) video tex-
ture synthesis. This paper proposes a method to address the essential
first step.

So far, both end-to-end and pipeline-based approaches focused
primarily on the generation of realistic textures for images and
videos, often paying less attention to phantom generation. How-
ever, phantoms determine the quality of video-level annotations and
consequently of the generated dataset. Phantoms must capture the
macroscopic properties of the cell, namely the shape and size, and
need to be morphologically realistic. Thus, phantoms should consist
of a single, closed-contour and simply connected component (i.e.,
without disjoint parts nor holes), and should evolve coherently over
time. The mainstream approaches [7, 8, 9] use phantoms generated
by a Statistical Shape Model (SSM). In particular, CellCycleGAN
[7] models a Markov process over the cell life cycle stages (that go
from birth to division, or mitosis) to define more precisely the mor-
phology, but it requires phantoms to be additionally annotated with
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Fig. 2: Our pipeline for phantom video generation. (Top) During training we extract a contour video C from each binary phantom video
M, then encode C in the EFD domain to obtain the time series z. We train a generative model Gy minimizing the loss £ between real EFD
time series z and generated time series z to learn the temporal evolution of cell phantoms in EFD space. (Bottom) During generation, we
unconditionally sample synthetic EFD time series z from the trained model starting from a noise vector zx. We decode z into a synthetic

contour C which, once rasterized, corresponds to a synthetic mask video M.

their cell state. Another limitation of [7] is the description of the
coordinates of the phantom’s contours with a Principal Component
Analysis (PCA), often resulting in a completely data-driven process
that is constrained by the dataset and lacks an interpretable geo-
metric structure. Our work addresses the limitations of SSM-based
phantom generation by proposing a generative framework that learns
to synthesize videos of individual cell phantoms according to the
cellular dynamics. Our method generates realistic phantom videos,
enabling the following stages of a cell tracking dataset generation
pipeline to model cell positioning and texture synthesis.

In particular, we generate phantom videos in the domain of El-
liptical Fourier Descriptors (EFDs), which provide a compact rep-
resentation of cell phantoms. We encode each video frame in few
coefficients representing ellipses that approximate the cell’s contour.
Therefore, we obtain a collection of multivariate time series in the
compact EFD space describing the cellular evolution that we use
for training Diffusion-TS [10], a Diffusion Model specific for mul-
tivariate time series. Diffusion-TS explicitly disentangles the trend
and seasonality components of a time series, learning the long-term
deformations of each cell phantom and its higher-frequency shape
variations. We then unconditionally synthesize EFD time series that,
once reconstructed through the inverse EFD transform, correspond
to realistic-looking cell phantom evolutions in pixel space. Indeed,
the EFD representation has great advantages for cell phantom mod-
elling: it naturally enforces geometrical constraints such as the pres-
ence of only one simply connected component, allows the represen-
tation of phantoms using few parameters, and enables an effective
generative model to operate on simpler signals. To the best of our
knowledge, our work is the first to apply EFDs in video generation
settings, with prior research limited to static phantom generation in
2D or 3D [11, 12].

In our experiments, we verify that our approach enjoys two fun-
damental properties: morphological statistical consistency and tem-
poral coherence. We show that phantom videos generated in EFD
space closely follow the evolution of morphological descriptors of
real data in time. We compare our phantoms against the SSM gen-
erative method in CellCycleGAN, highlighting more realistic mor-
phological properties in both a quantitative evaluation and a qualita-
tive comparison over a dataset used in both works. Additionally, we
generate phantom videos starting from the Fluo-N2DL-HeLa dataset

of the Cell Tracking Challenge [2] (CTC Dataset), assessing the
generalization power of our method over differently-evolving cell
lines. The morphological comparison with real data suggests that
our phantom generation method can be integrated in a pipeline-based
framework for generating diverse cell tracking datasets.

2 Problem Formulation

We focus on phantom video generation, i.e., the generation of the
binary mask of a single, simply connected component representing
the cell’s morphology in time. We assume that a real dataset Dyea of
cell phantom videos M is provided:

Drea = {MW}74, )

where each video M(¥) is a sequence of 2D binary images containing
a single phantom each:

MY = (M MY e {0,137, @)

where H and W are the spatial dimensions, and M is a tuple
of binary masks with T; frames. We assume a limited number of
Sreal sSamples is available as in realistic biomedical scenarios. Our
objective is to generate a synthetic dataset:

Do = {MP} om0 MO = (D) }7 3)

with ]\A/[/t(j ) ¢ {0, 1}H W such that Seynth > Sreai. Additionally,
phantom variations across frames should be coherent with the mor-
phology of the specific cell line in Dy and the temporal interval
between two consecutive frames. For ease of notation, in the follow-
ing we omit the dataset indices (¢ and 7).

3 Method

As illustrated in Fig. 2, our method is organized in two main phases:
model training and synthetic dataset generation. For training, we
first extract the contour from each frame of a phantom video and
encode it in EFD space, using this representation to train a generative
model that learns the phantom evolution in time. During generation,
we unconditionally generate new EFD time series to be converted
first into contours and, finally, in phantom videos.



3.1 EFD Encoding of Phantom Videos

We map each mask video M containing a single cell phantom in a
multivariate time series z € R*¢*”" where each frame is encoded
using d ellipses that approximate the cell contour (Fig. 3). To this
purpose, we first apply a contour extraction operator C that, for each
frame at time steps ¢ € [1,...,T], (i) extracts the contour pixels that
represent a closed curve, and (ii) applies geodesic uniform resam-
pling via arc-length parametrization for obtaining a better spectral
representation [12]. This process maps each binary frame M, to the
set of (x, y) coordinates of the N contour points of the shape:

C: {01}V 5 RNV*2, 4)
Thus, we obtain the contour video

C= (C(Mt))t 15 VM; € M, (5)

where C € RV*2XT | We take N = 128 to select enough details
for contour sampling.

Cell contours C are closed loops with the points’ coordinates
that are continuous, periodic functions z(s) and y(s) of the normal-
ized arc-length parameter s € [0, 2]. This periodicity allows us to
decompose the shape using the Elliptical Fourier Transform EFD
[13]. For each harmonic order n, the specific frequency compo-
nent of z(s) (weighted by coefficients a,, b,) and y(s) (weighted by
Cn,dy) are combined. While these components represent simple 1D
oscillations individually, their superposition in the 2D plane traces
a unique ellipse. The full contour is approximated by summing the
centroid (Ao, Co) and all the harmonic ellipses up to a truncation
order d which represents the number of selected ellipses:

{aj(s} [ } +Z {ancos ns) + by sin(ns)] o
——

y(s) ¢y, cos(ns) + dy, sin(ns)

Centroid m-th harmonic ellipse

Fig. 3 shows this EFD decomposition: the sum in (6) corresponds to
a chain of epicycles where the center of the harmonic ellipse e,, of
order n travels along the perimeter of the ellipse e,,—1 (see red box).
The first harmonic captures the overall shape and orientation (best-
fitting ellipse e1), while higher-order harmonics progressively add
finer morphological details. In our encoding, we translate the center
of e to the origin, namely we set Ao = Co = 0 for invariance to
the cell position. Further details on EFD transforms can be found in
[13].

We encode the phantom contour at frame ¢ as a spectral vector
z; € R* by concatenating the EFD coefficients:

,ad,ba,ca,da] " )

The entire video evolution is thus mapped to the multivariate time se-
ries z = [21,...,27] € R*¥XT  We normalize values in z between
0 and 1 for easier training of the generative model. We also de-
termine the number of ellipses d via Power Spectral Density (PSD)
analysis on the training set, selecting the minimum d that retains
99.99% of the cumulative power, yielding d = 9.

This EFD transform offers two key advantages. First, it re-
duces the dimensionality of each frame by mapping the H x W
pixel grid into a compact descriptor space of size 4d for a total of
4 -9 = 36 parameters while a 128 x 128 mask corresponds to
16384 pixels. Second, it enforces a topological prior: unlike raw
segmentation masks which may contain holes or disconnected arti-
facts due to noise, the truncated Fourier reconstruction is guaranteed
to be smooth and yield a closed boundary with a simply connected
phantom. The encoding process is illustrated in Fig. 4 (top), where
the contour extraction and EF'D decomposition yield a multivariate
time series z € R***7 corresponding to the phantom video.

Zt = [211,b1,C1,d17 e

z(s)
Fig. 3: The EFD transform parametrizes the points of each phan-
tom’s contour as a function of s € [0, 27], representing it through
the coordinates x(s) and y(s). Then, it traces a chain of ellipses
(e1 . ..es5) that add increasing detail to the reconstructed contour (in
black). The contour is centered in (0, 0) for invariance with respect
to the position.
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Fig. 4: We encode each mask video M into a time series represen-
tation z by first extracting each frame’s contour video C and then
encoding it with the EF'D transformation. The multivariate time se-
ries z encodes d ellipses (e . . . eq), each represented by four coef-
ficients for each time step t. The inverse transformation FFD ™!,
coupled with the contour rasterization, reconstructs the video.

3.2 Modelling EFD Multivariate Time Series

To generate realistic phantom evolutions, we model the probability
distribution of time series in EFD space. We employ the Diffusion-
TS framework [10], a state-of-the-art Diffusion Model designed for
time series that is particularly effective as it decouples the trend (or
long-term variation) and seasonality (or periodic fluctuations) com-
ponents. As per the Diffusion Model paradigm, the training involves
a forward diffusion process that gradually adds Gaussian noise to
a real EFD multivariate time series zo € R**7 over K diffusion
steps. At step k, the noisy signal zy, is defined as:

zi = Vaxzo + V1 — are, €~ N(0,I) (8)
where &y, follows a cosine noise schedule to preserve signal structure
until later steps, and zy has the same dimensionality as zg.

The generative model Gy learns to reverse the diffusion process
through a Transformer encoder-decoder architecture but, unlike Dif-
fusion Models for images that at iteration k predict the noise € to
be removed, Diffusion-TS directly predicts the clean signal zo from
the noisy input Zy. For the next diffusion step, the model computes
the signal z;_; as a weighted linear combination of Zo, zj; and a
Gaussian noise term for stochasticity. Moreover, the model ensures
high fidelity in the spectral domain by optimizing a hybrid loss func-
tion £. This loss promotes the disentangling of temporal dynamics
by combining a Mean Squared Error in the time domain with a loss
term based on the Fast Fourier Transform F applied to the signal as
per the original work [10]:



Table 1: Evaluation datasets information. We evaluate the properties
of the generated phantoms against the test set.

Dataset | HXW | T | Sra | #Train | #Test
CellCycleGAN dataset 96 X 96 40 326 258 68
CTC dataset 128 x 128 50 2954 2652 302

L =Epz [Mll20 — 20]|> + A2||F(20) — F(20)|[)], )

where Zo = Gg(2zk, k) is the reconstructed time series.

3.3 Synthetic Video Generation

During inference (Fig. 2, bottom), generation starts by sampling a
noise seed Zx € R***7 representing a sequence of pure Gaussian
noise Zx ~ N(0,I). Then, Gy iteratively denoises z for K = 200
steps, obtaining a synthetic EFD time series z. We then apply the in-
verse transformation EFD " to map the generated time series Z into
the contour coordinates C € RV *2*7which are finally rasterized

into binary mask videos M € {0, 1}7*W*T (Fig. 4, bottom).

4 Experiments

We assess the realism of our generated phantoms by comparing
their morphological properties against real phantom videos. We use
the Compyda tool [14] to quantitatively compare real and synthetic
datasets.

4.1 Datasets and Preprocessing

In order to evaluate the generation power of our method, we generate
phantoms starting from two different datasets described in Table 1.

CellCycleGAN dataset This dataset [15] contains annotated
videos of cell evolutions with both the phantom and the cell cy-
cle stage. All phantom videos in the dataset are synchronized over
a common cell state. However, during and after mitotic events, the
annotation follows only the daughter cell closest to the parent’s cen-
troid, discarding the other. Consequently, each video M represents
a continuous evolution of a cell phantom which remains a single
simply connected component throughout the 7' = 40 frames. In
Fig. 6 (Real) and 7 (Test set), videos synchronized over cell states
exhibit an area drop due to mitotic events. Since the original data
consists of centered cell phantom videos, these data perfectly align
with our problem formulation, allowing modelling the entire cell
cycle without explicitly handling the division of cells.

We compare our solution against CellCycleGAN [7], which is
trained on this dataset, enabling a fair comparison. Since the dataset
groups cell phantom videos in 7 GT histological sequences, we use
5 for training and 2 for testing corresponding to a 80/20 train-test
split.

CTC dataset The Fluo-N2DL-HelLa dataset [6] from the Cell
Tracking Challenge contains annotated biomedical videos (see Fig.
la and 1b) with 92 frames. We extract cell phantoms from the given
Silver Truth provided in the CTC and filter out incomplete instances
like cells touching the image border by more than 10 pixels (deemed
partially out of frame) or having a high overlap with other cells. This
processing removes incomplete cells which we identify by comput-
ing the solidity s and the overlap ratio o, ;» between two instances %
and i’ as:

o — |M—L| 0 — ‘COI’IVHUH(MZ') N Mi/|

© 7 [ConvHull(M)]” ~"" T [ConvHull(M,)]

We discard cells for having high overlap if s; < 0.969 and o; ;; >
0.017. We manually set these thresholds to retain well-segmented
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Fig. 5: Example of performance variation for selected metrics and
values of d € [1,60]. Providing enough harmonics, our method
reaches a plateau of performance close to the real data baseline in
the elongation case (top), while convexity reports a minimum close
to the value of d = 9 found by our PSD analysis (Section 3.1).

cells while avoiding excessive data reduction. Since this outlier re-
moval process may interrupt the cell’s temporal evolution, we extract
uninterrupted blocks of 50 frames for each phantom using a sliding
window approach. From the original 924 phantom videos of varying
lengths, this extraction yields 2954 videos with 7" = 50 (see Table
1). Differently from the CellCycleGAN dataset, phantoms do not
continue after mitosis and cell states are not synchronized. There-
fore, we model the mitotic cycle only up to the cell division.

The CTC dataset also includes lineage information, i.e., the
tracking GT that includes relationships between parent and daughter
cells in the video. To prevent data leakage, we account for lineages
in the train-test split assigning entire lineages to one split. This pro-
cess guarantees that no cell track appears in both train and test since
all descendants of a cell belong to the same split as their ancestors.

4.2 Evaluation Metrics

We compare generated and real datasets using the Compyda frame-
work [14], which computes morphological features over time from
phantom videos and compares the distance between their time series
(DIFF) also after Dynamic Time Warping (DTW) alignment [16].
DIFF provides an absolute measure of dissimilarity between the two
time series over time and evaluates whether the method successfully
generates samples within the correct range of values. However, it
does not capture whether the features follow the same temporal pat-
tern. The DTW metric measures whether the morphological feature
signals exhibits similar dynamics, regardless of frame-by-frame sim-
ilarity. Since phantom videos can start from different phases of the
cells’ life cycles, DTW is a more realistic figure of merit.

We select a subset of features computed by Compyda capturing
relevant morphological aspects that need to be modelled by a gener-
ative process. These features correspond to the phantom’s area (in
pixels), roundness (how much it resembles a circle, between 0 and
1), and elongation (the ratio between the major and the minor axes).
We additionally report convexity as the ratio between the phantom’s
area and the area of its convex hull.

4.3 Comparative Results

We compare our phantom video generation framework against the
SSM method used in CellCycleGAN. To ensure a fair comparison,
we use the same preprocessing and generative pipeline of [7], with
the train/test split from Section 4.1. Since this pipeline generates all
cell tracking GTs as a single video, we extract each phantom in the
same format as the original dataset (Section 4.1). Additionally, we
compare the training set and the test set using the DIFF and DTW
metrics. This real-against-real comparison represents a reference for
the metrics (Train in Table 2). Since the diffusion process operates
in the low-dimensional EFD space (36 x 40 parameters) rather than
pixel space (96 x 96 x 40), our generation is highly efficient. It
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Fig. 6: Temporal evolution of selected morphological features on the CellCycleGAN dataset. Solid lines represent population means over
synchronized phantom videos, while shaded regions show interquartile ranges. We report the real test set evolution (green), the phantoms
generated by our method (blue) and generated by the SSM (orange). The sudden drop in the area metric for the test set corresponds to mitotic

events.
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Fig. 7: Real and synthetic cell phantom videos at intervals of 5
frames. In the CellCycleGAN dataset, mitoses happen after ¢ = 10.
Our method replicates the cell cycle dynamics as modelled in the
training set and generates more regular and realistic phantoms than
CellCycleGAN’s SSM [7]. We can also replicate the phantom evolu-
tion in the CTC dataset. In both cases, thanks to the EF'D encoding
phase, our contours are smooth.

takes approximately 19 minutes to train Diffusion-TS and 0.09s per
phantom video generation (inference plus EFD-to-video conversion
time) on a desktop computer equipped with an Intel 19 13900k CPU
and a nVidia RTX 3070 GPU. The generation time is in line with
the SSM method (0.08s per phantom video on the same hardware
setup).

Our approach achieves higher performance over all metrics
computed by Compyda. Table 2 shows how our synthetic phantom
videos exhibit morphological features that are closer to the Train
baseline with respect to the SSM method. We replicate the genera-
tion and evaluation 10 times and report in Table 2 the mean metric
value and the standard deviation of the mean. We additionally per-
form a t-test between the set of metrics computed over our synthetic
dataset and the one generated by the SSM, always obtaining a p-
value lower than 1E-10. Notably, in the CTC dataset we achieve
an elongation DIFF and DTW lower than the real-against-real ref-
erence. This indicates that our method can generalize well enough
over the morphological properties and avoid overfitting. Fig. 7
shows frames from the test set, from CellCycleGAN’s SSM and
from our method, highlighting a higher variability of videos gen-
erated by our framework. We report frames from the CTC dataset
as well, showing that generated phantoms are coherent with the test
set evolution in both cases. The contours of phantoms generated

Table 2: We report DIFF and DTW over selected morphological fea-
tures for each model against the test set (lower is better). We report
the metrics computed between the real train and the test sets (Train),
showing that our method generates phantoms that are morphologi-
cally close to the reference for both datasets. We report the mean
and the standard deviation over experiments replicated 10 times for
both our method and the SSM baseline, reporting better metrics in
all cases. Rows marked with (*) correspond to a t-test yielding a p-
value < 1E-10, showing that the difference between the distributions
of our method and SSM is statistically significant.

Feature Metric CellCycleGAN dataset CTC dataset
Train SSM Ours Train | Ours

Area DIFF | |[71.17[479.91 + 10.66 | 71.48 £+ 5.26* || 47.25|52.40
DTW | ||32.79| 248.28 + 7.17 [34.61 4+ 2.91%*||23.49|28.45

Roundness DIFf ||| 0.04 | 0.12 £ 0.00 0.01 £ 0.00* || 0.00 | 0.00
"|DTW ||| 0.01 | 0.09 &+ 0.00 0.01 £+ 0.00* || 0.00 | 0.00
Eloneation Dirr [ [[ 0.13 | 0.58 £0.02 0.15 £ 0.01* [[ 0.18 [ 0.11
° DTW | || 0.07 0.28 £ 0.01 0.08 £+ 0.00* 0.08 | 0.03
Convexity Dirr [ [[ 0.0 0.06 £ 0.00 0.00 £ 0.00* || 0.00 | 0.00
DTW ||| 0.0 0.06 £+ 0.00 0.00 £+ 0.00* || 0.00 | 0.00

by our method are also smoother as a result of the EFD encoding.
We also performed an ablation study repeating 10 times generation
and dataset evaluation by changing the number of preserved EFD
coefficients d € [1,60], showing that few harmonics are enough
to capture the cell dynamics, and that the use of a large d can be
detrimental to some features (Fig. 5). Finally, Fig. 6 shows that our
phantom videos follow closely on the morphological evolution of
real data, as the sudden drop in area and convexity, together with the
peaks of roundness and elongation, highlight a mitotic event around
time step ¢ = 10.

5 Conclusions and Future Work

We presented a parametric generative framework for cell phantom
video generation using Elliptical Fourier Descriptors and Diffusion-
TS. Results demonstrate that our framework effectively learns both
morphological properties and temporal dynamics patterns of cells,
mimicking the distribution of real data. Our work can be integrated
into generative pipelines for cell tracking datasets that include com-
position, movement simulation and texture synthesis. Future work
aims at extending our framework to explicitly handle mitotic events
(generating both daughter cells during cell divisions) and at generat-
ing 3D phantom videos using Spherical Harmonics Decomposition
[17].
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