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Abstract

Abstract: Understanding neuronal activity in behaving animals requires accurate tracking
of large neuronal populations over time. In small model organisms such as Hydra vulgaris,
Caenorhabditis elegans or zebrafish, calcium imaging enables the monitoring of hundreds of
neurons simultaneously. However, reliable tracking, the first step of the automatic image analy-
sis pipeline, remains a major challenge due to several factors: strong body deformations, dense
neuronal populations, imaging noise, and the intermittent detectability of neurons when us-
ing calcium indicators (GCaMP). Current algorithms often fail in these conditions, producing
fragmented trajectories or incorrect associations that compromise biological interpretation.

The goal of this thesis is to develop robust computational tools for multiple object tracking
(MOT) adapted to these biological challenges. Our contributions are structured along three
complementary axes:

(1) Simulation framework (SINETRA): To overcome the lack of annotated experimental
datasets, we developed SINETRA, a versatile simulator of neurons embedded in deformable
tissues. It generates realistic 2D/3D fluorescence videos with ground-truth annotations, repro-
ducing motion patterns and noise similar to those observed in behaving animals. This synthetic
benchmark enables objective evaluation and comparison of neuron tracking algorithms.

(2) Tracking with optical flow enhanced motion models (KOFT / KOFT-MHT): Building
on classical Kalman filtering, we introduced trackers that incorporate optical flow as a second
sensor. It improves motion modeling by better capturing sudden deformations in the tissue. We
then extended this approach into a fully Bayesian Multiple Hypothesis Tracking (MHT) frame-
work, which integrates priors on target dynamics and detection statistics. This probabilistic
formalism further increases robustness to missed and false detections, significantly improving
accuracy compared to widely used alternatives.

(3) Tracklet stitching with visual features (VEMC2): In calcium imaging, neurons are only
detectable when active, leading to fragmented trajectories (tracklets). To address this, we pro-
posed a stitching framework combining positional distances with self-supervised visual features
extracted from fluorescence patches. By training a convolutional network though contrastive
self-supervised learning, our method learns discriminative representations that help distinguish
between neurons. A hybrid cost combining motion, position, and visual cues is optimized
through a linear assignment problem, reducing stitching errors by a factor of two compared to
previous approaches.

The methods were extensively validated on both SINETRA-generated data and real fluores-
cence recordings of Hydra vulgaris. Results demonstrate substantial improvements in tracking
accuracy, robustness to noise, and continuity of reconstructed neuronal trajectories.

Beyond Hydra vulgaris, the proposed approaches are applicable to other small model organ-
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isms such as Caenorhabditis elegans or zebrafish, and more generally to any biological system
where dense, deformable, and intermittently detectable targets must be tracked over time.
Moreover, we successfully adapted our method for cell tracking, where a key challenge is to de-
tect and handle mitosis events. In fact, our method ranked first on the Cell Linking Benchmark1

of the Cell Tracking Challenge, outperforming supervised approaches for this task.

This thesis contributes both methodological advances and practical tools to the tracking
community, paving the way for more reliable analysis of biological videos. In particular, it
enables efficient tracking of neuronal activity, providing new opportunities to study neuronal
function in behaving animals.

Keywords: Multiple Object Tracking, Optimization, Bayesian models, Optical flow, Ma-
chine learning, Fluorescence imaging, Calcium imaging, Hydra vulgaris.

1https://celltrackingchallenge.net/latest-clb-results/

https://celltrackingchallenge.net/latest-clb-results/
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Résumé: Pour comprendre l’activité neuronale chez les animaux en activité, il est nécessaire
de suivre avec précision de grandes populations neuronales au fil du temps. Dans les petits
organismes modèles tels que Hydra vulgaris, l’imagerie calcique permet d’observer et suivre
simultanément des centaines de neurones. Cependant, le suivi fiable reste un défi majeur en rai-
son de plusieurs facteurs : fortes déformations corporelles, populations neuronales denses, bruit
d’imagerie et visibilité intermittente des neurones dans les indicateurs calciques (GCaMP). Les
algorithmes actuels échouent souvent dans ces conditions, produisant des trajectoires fragmen-
tées ou des associations incorrectes qui compromettent l’interprétation biologique.

L’objectif de cette thèse est de développer des outils informatiques robustes pour le suivi
d’objets multiples (MOT) adaptés à ces défis biologiques. Nos contributions s’articulent autour
de trois axes complémentaires :

(1) Cadre de simulation (SINETRA) : afin de pallier le manque de données expérimentales
annotées, nous avons développé SINETRA, un simulateur polyvalent de neurones intégrées dans
des tissus déformables. Il génère des vidéos fluorescentes 2D/3D réalistes avec des annotations de
référence, reproduisant des mouvement et des bruits similaires à ceux observés dans l’imagerie
neuronal de l’Hydre. Ce benchmark synthétique permet une évaluation et une comparaison
objectives des algorithmes de suivi.

(2) Suivi avec des modèles de mouvement améliorés par flux optique (KOFT / KOFT-MHT)
: en nous appuyant sur les filtres de Kalman, nous avons introduit des trackers qui intègrent
le flux optique comme un deuxième capteur. Ces méthodes améliorent le suivi en capturant
mieux les déformations soudaines des tissus. Nous avons ensuite étendu cette approche à un
cadre de Multiple Hypothesis Tracking (MHT) entièrement Bayésien, qui intègre des a priori sur
la dynamique des cibles et les statistiques de détection. Ce formalisme probabiliste augmente
encore la robustesse face aux détections manquées et fausses, améliorant considérablement la
précision par rapport à l’état de l’art.

(3) Raccordement de tracklets avec des caractéristiques visuelles (VEMC2) : dans l’imagerie
calcique, les neurones ne sont détectables que lorsqu’ils sont actifs, ce qui conduit à des tra-
jectoires fragmentées (tracklets). Pour remédier à cela, nous avons proposé une méthode de
raccordement de tracklets combinant les distances positionnelles avec des caractéristiques vi-
suelles auto-supervisées extraites de patchs fluorescents. En entraînant un réseau convolutif par
apprentissage contrastif, notre méthode apprend des représentations discriminantes qui aident
à distinguer les neurones. Le raccordement est résolu via un problème d’assignation linéaire
minimisant un coût hybride positionel et visuel, réduisant les erreurs de raccordement d’un
facteur deux par rapport aux approches précédentes.

Les méthodes ont été largement validées à la fois sur des données générées par SINETRA
et sur des enregistrements réels de fluorescence d’Hydra vulgaris. Les résultats démontrent des
améliorations en termes de précision de suivi, de robustesse face au bruit et de continuité des
trajectoires neuronales reconstruites.

Au-delà de l’Hydre, les approches proposées sont applicables à d’autres petits organismes
modèles tels que Caenorhabditis elegans ou les poissons zèbres, et plus généralement à tout
système biologique où des cibles denses, déformables et detectables par intermittence doivent
être suivies dans le temps. De plus, nous avons adapté avec succès notre méthode au suivi
cellulaire, où l’un des principaux défis consiste à détecter et à gérer les événements de mitose.
Notre méthode s’est classée première au Cell Linking Benchmark, surpassant les approches
supervisées pour cette tâche.
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Cette thèse apporte à la fois des avancées méthodologiques et des outils pratiques à la com-
munauté du suivi d’objets, ouvrant la voie à une analyse plus fiable des vidéos biologiques. Elle
permet notamment un suivi efficace de l’activité neuronale, offrant ainsi de nouvelles possibilités
pour étudier le fonctionnement neuronal chez les animaux en activité.

Mots-clés: Suivi d’objets multiples, Optimisation, Modèles Bayésiens, Flux optique, Ap-
prentissage machine, Imagerie de fluorescence, Imagerie calcique, Hydra vulgaris.
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Chapter I

Introduction

I.1 Funding and Collaborative Context

This PhD project began in April 2022 and is supported by an Agence Nationale de la Recherche
(ANR-21-CE45-0020-01 REBIRTH) grant awarded to Thibault Lagache. The work is carried
out jointly at the Biological Image Analysis (BIA) laboratory of the Institut Pasteur in
Paris, headed by Jean-Christophe Olivo-Marin, and the IMAGES team at Télécom Paris,
led by Yann Gousseau. Day-to-day supervision is provided by Thibault Lagache and Jean-
Christophe Olivo-Marin (Institut Pasteur) together with Alasdair Newson and Elsa Angelini
(Télécom Paris).

A close scientific collaboration has been established with Rafael Yuste’s laboratory at Colum-
bia University in New York. In this project, the Yuste lab focuses on the biological and neuro-
scientific investigation of the freshwater cnidarian Hydra vulgaris, the model organism around
which the majority of this thesis is based. Their group supplies most of the experimental data
(microscope images & video), while our group develops computer vision tools and methods for
quantitative analysis of these images.

In particular, this PhD project was centered on the development of robust tracking algo-
rithms for the neurons of the Hydra vulgaris in fluorescence images. A year ago, Maria Manich
joined our Hydra project in the BIA lab to take charge of breeding Hydra vulgaris and conducting
experimental recordings directly within the lab at Institut Pasteur. This development marked
a key transition, enabling the team to complement its computational work with in-house bio-
logical experimentation and to begin addressing more biologically-oriented research questions.
Nonetheless, in the scope of this PhD, we focused on tracking algorithms for microscopy images.

I.2 Motivation

Understanding how neural circuits encode and drive behavior is a central challenge in neuro-
science. In our lab at Institut Pasteur, we address this question through an interdisciplinary
project centered on the freshwater cnidarian Hydra vulgaris using modern imaging techniques
and computational methods to observe and analyze the animal’s entire nervous system in action.

By simultaneously monitoring many—or eventually all—nerve cells and the animal’s behav-
ior, we seek to decipher how patterns of neural activity map to specific motor outputs. A key
step toward this goal is the robust tracking of hundreds to thousands of fluorescent neurons
while the live animal freely behaves. In practice, standard Multiple Object Tracking (MOT)

1



2 CHAPTER I. INTRODUCTION

Figure I.1: Hydra vulgaris. Adult polyps are 1–10 mm long and possess 4–10 poison-tipped
tentacles used for prey capture and locomotion. The photograph illustrates asexual reproduction
by budding, where a new individual emerges from the parent’s body column.

algorithms fail on Hydra’s neurons because of data-specific challenges that will be detailed in
the following of this introduction. To this end, the present thesis aims to provide more robust
MOT algorithms. Although our focus is mainly Hydra neurons, the developed methods are
intended to be generic and transferable to other biological targets (cells, molecules, pathogens).

Figure I.1 illustrates the Hydra animal at the heart of this thesis. The remainder of this
section introduces Hydra vulgaris as a model organism for neuroscience, then, briefly reviews
fluorescence imaging techniques used to record neural activity and finally, explains why these
topics motivate the computational tracking algorithms that we developed in this thesis.

I.2.1 Hydra vulgaris: an animal model

I.2.1.1 Biology and Regeneration

Hydra vulgaris is a small freshwater polyp belonging to the Cnidarian. Its tubular body (Fig-
ure I.2.A) has a head (hypostome) at one end, surrounded by tentacles and an oral opening, and
a basal disc (foot) at the other, which allows it to anchor to surfaces. It consists of two primary
tissue layers: an outer ectoderm and an inner endoderm, separated by a non-cellular mesoglea
(Figure I.2B). Despite this structural simplicity, the Hydra has been studied for more than
300 years due to its ease of laboratory cultivation, transparency, and exceptional regenerative
capacity [2–4].

It is capable of both sexual and asexual reproduction. The latter occurs through budding,
as illustrated in Figure I.1. Remarkably, Hydra does not undergo senescence: it continuously
regenerates its tissues through three distinct stem cell lineages (Figure I.2C), allowing full body
regeneration even from small tissue fragments [4–7].

I.2.1.2 Neural System and Behavior

Hydra’s nervous system is composed of a decentralized nerve net distributed across both its
ectodermal and endodermal tissue layers (Figure I.2). Unlike more evolved nervous systems,
Hydra lacks a central brain. Instead, sensory neurons, sensitive to mechanical and light stimuli,
are scattered throughout the body and tentacles. These are connected through ganglion neurons
to muscles allowing to trigger coordinated muscular responses.
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Figure I.2: Hydra anatomy from [1]. (A) The basic body plan of Hydra. (B) The two
tissue layers of Hydra are depicted with endodermal epithelial cells on the interior, ectodermal
epithelial cells on the exterior, and an acellular mesoglea in between. Ganglion neurons are
found at the base of the epithelio-muscular cells while sensory neurons protrude from both the
endoderm and ectoderm. Interstitial-cells (I-cells) are located between ectodermal epithelial
cells. (C) The three stem cell lineages of Hydra are shown with the unipotent endodermal
and ectodermal epithelial cells and multi-potent I-cells that produce four cell types: germ cells,
gland cells (Gld), nematocytes (Nem), and neurons.

Figure I.3: Hydra behaviors from [1,8]. (A) Resting state. (B–F) Simple actions: elonga-
tion, tentacle swaying, body swaying, bending, full-body contraction. (G–H) Complex behav-
iors: feeding and somersaulting.
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Figure I.4: Topographical distribution of neuronal ensembles in Hydra, from [10].
Neurons are grouped into functional ensembles: rhythmic potential 1 (RP1, green), rhythmic
potential 2 (RP2, red), contraction burst neurons (CB, dark/light blue), and other uncategorized
neurons (yellow). CB’ indicates neurons of the tentacles that did not fire during the two CB
events of this time window but fired during another CB event.

Hydra possesses only a few thousand neurons from ∼10 different cell types [9], positioning it
among the simplest nerve nets in the animal kingdom. Nevertheless, it displays a rich behavioral
repertoire including spontaneous and stimulus-driven motor actions such as tentacle swaying,
elongation, contractions, and complex actions like feeding and somersaulting (Figure I.3) [1,8].
As such, Hydra serves as an intermediate model between the well-studied Caenorhabditis elegans
with its 302 neurons, and more complex vertebrates such as mice (∼ 7×107 neurons) and humans
(∼ 8× 1010 neurons).

Recent discoveries have shown that Hydra’s neurons do not act independently but are or-
ganized into functional ensembles—groups of co-active neurons that fire together to control
specific behaviors. These ensembles form spatially-distributed but functionally distinct units
within the nerve net. For example, the CB (contraction burst) ensemble mediates whole-body
contractions, while RP1 (rhythmic potential 1), exhibits spontaneous oscillatory activity in the
absence of sensory input and accelerates their rhythm under light stimuli and elongation of the
animal [10].

Neuronal functional ensembles are spatially intermixed (See Figure I.4) but do not overlap
in their functions and activations, forming non-overlapping subnetworks within the nerve net.
The relatively low number of neurons and their functional organization into ensembles make
Hydra a uniquely tractable system for investigating the neural code—i.e. how spatially and
temporally distributed patterns of neural activity encode and control behaviors.

As neurons are sparsely distributed in the body (Figure I.4), recent advances in optical
microscopy and genetic engineering allow whole-body and cellular-resolution imaging of neural
activity in Hydra using genetically-encoded markers. It is therefore possible to visually monitor
the activity of hundreds to thousands of neurons in real time, capturing their dynamics during
natural behavior. This will be discussed in the following section.
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(a) Wide-field fluorescence microscope. Exci-
tation light from a laser (blue) illuminates the
sample; emitted photons (green) are collected
by the objective and imaged on an camera.

(b) Fluorophore excitation/emission.
Emitted photons have lower energy
(longer wavelength) than absorbed pho-
tons.

Figure I.5: Principles of fluorescence microscopy. Fluorophores absorbs light of a specific
excitation wavelength, and subsequently emits a photon with a longer wavelength, which is
isolated and recorded to form an image.

I.2.2 Imaging Hydra’s neurons

I.2.2.1 Fluorescence Imaging

Fluorescence microscopy is a powerful, non-invasive method to visualize specific biological pro-
cesses in vivo. It relies on fluorophores (e.g. fluorescent protein) that absorb excitation light and
re-emit it at a longer wavelength (Figure I.5). The Green Fluorescent Protein (GFP) [11,12] is
a famous example, with many derivatives used to target specific cells or molecules.

The main benefit of fluorescence is that it enables specific cells or structures to be targeted
with fluorophores. Marked structures are fluorescent when illuminated, while the other parts
of the sample (background) are not, directly improving contrast. Despite being efficient with
thin samples, when directly applied to thick and living samples, the background may express
auto-fluorescence, and light scatters in tissues, which reduces the Signal to Noise Ratio (SNR)
and spatial resolution. To overcome these limitations, confocal microscopy [13] or two-photons
microscopy [14] improves over wide-field microscopy by restricting the photo-stimulation to a
precise focal plan.

In addition, cells and fluorophores suffers from photostability problems: cells are damaged
by the emitted radiations, which can lead to cell and organism death (phototoxicity), and fluo-
rophores can only withstand a finite number of absorption/emission cycles before switching to a
permanent dark state (photobleaching). Advanced microscopy modalities—confocal spinning-
disk, structured illumination, two-photon, light sheet—optimize the trade-off between spatial
resolution, light penetration depth and photostability [15].
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I.2.2.2 Neuronal Activity Imaging

Electrophysiology (patch clamp, multi-electrode arrays) has been the gold standard for single-
neuron voltage recordings for decades. Nonetheless, such methods are invasive and limited in
scalability, recording the activity of only a few neurons (2–3 with patch-clamp, up to a few
dozen with multi-electrode arrays) simultaneously [16–18], which restricts their applicability
for behaving animals. Fluorescent microscopy circumvent these issues by converting electrical
activity into an optical signal through fluorophores expressed in the nerve cells (Figure I.6. Two
main families of neural fluorophores exist:

Calcium Indicators (GECIs) Genetically-encoded calcium indicators (GECIs) are fluo-
rophores that couple intracellular calcium concentration to fluorescence. A famous GECI pro-
tein is the GFP-Calmodulin-M13Peptide (GCaMP) [19], which we used in this project.

These calcium indicators are sensitive to changes in calcium concentrations in neurons in-
duced by a membrane depolarization and action potentials (Figure I.6b). For GCaMP, upon
calcium influx, calcium ions (Ca2+) bind to the GCaMP proteins, which become fluorescent
(blue absorption at 480nm and green emission at 510nm) [19].

However, calcium signals are only indirect proxies of membrane voltage creating some dis-
crepancies between the GECI and the real voltage signal: GECI signal misses sub-threshold
depolarization, is polluted by external cellular processes that produce notable changes in cal-
cium ion concentration, and suffers from a poor (slow) temporal resolution [20].

Voltage Indicators (GEVIs) Genetically encoded voltage indicators (GEVIs) overcome
some of these issues by providing a direct readout of membrane voltage, thus improving temporal
fidelity (Figure I.6a) [21]. However, they suffer from lower photon efficiency (and hence poorer
SNR) compared to calcium indicators [20]. Moreover, at the beginning of this PhD project,
model systems such as Hydra had not yet been engineered to express these indicators.

I.2.2.3 Hydra example

Hydra is an ideal subject for calcium imaging: the animal is small and transparent, neurons are
spatially distributed and separated from each other, and neuronal activity is action-potential
based, slow, and sparse [10].

In that case, GECI with GCaMP allows retrieving neuronal spikes from the calcium trace
(Figure I.6b). As such, in this thesis we relied primarily on GCaMP recordings for their higher
signal SNR compared with GEVI.

An example of Hydra imaged with GCaMP fluorescence is shown on Figure I.7. The full
video can be retrieved on Dryad1. The whole body of the animal usually fits in the field of view,
allowing the recording of several hundred (∼ 800) neurons with the behavior of the animal.
Videos are usually acquired at ∼ 10 Hz balancing temporal resolution and image quality. The
animal is scanned using confocal microscopy in 2D. To prevent the animal going out of the focus
plane, it is usually stuck between two plates, reducing slightly its behavioral capabilities.

In conclusion, Hydra vulgaris provides a powerful system to study whole-organism neural
activity in vivo. The rich behavioral repertoire, small nervous system, and compatibility with
live fluorescence imaging make it ideal for investigating the relationship between neural dynamics

1https://datadryad.org/dataset/doi:10.5061/dryad.h9w0vt4q3 (G7_contrxn-1.avi)

https://datadryad.org/dataset/doi:10.5061/dryad.h9w0vt4q3
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50% of
Ca max

50% of
Vmax

Stimulation

GEVI
GECI
GEVI

(a) Neuronal fluorophores in mice, GECI
vs GEVI from [20]. GECI (black) and GEVI
(green) optical signals are superimposed on the
same time scale. Turquoise points indicate when
the GECI and GEVI signal amplitudes dropped
down to 50% of their maxima. When GECI sig-
nal is at 50%, the GEVI trace is near the baseline
(0–5%)

Voltage (Electrode)

RPa (GECI)
RPb (GECI)

(b) GECI vs electrode in Hydra from [10].
Extracellular electrode placed close to a neuron
from RP network (RPa) and far from a neuron
from the other RP network (RPb). Accordingly,
the spikes recorded in electrical activity match
calcium spikes of neuron A (blue trace), but not
neuron B (red trace). This also illustrates cross-
contamination spikes between the fluorescence
signals from neurons A and B, which can dis-
tinguished from true spikes thanks to their am-
plitude difference (large true spikes in neuron A
induces small cross-contamination spikes in neu-
ron B, and vice versa).

Figure I.6: Calcium-based fluorophores (GECI) vs voltage (Electrode or GEVI
fluorophores)

(a) (b)

0.8 seconds

1 mm

0.1 seconds

1 mm 1 mm

14.4 seconds 

(c)

Figure I.7: Hydra imaged with GCaMP fluorescence. A spinning disk confocal micro-
scope (10Hz) is used to image a GCaMP Hydra in 2D [22] (a) Neurons at resting state at the
beginning of the video. (b) A neuron ensemble is firing at 0.8 seconds. Red arrows indicates
some of these neurons. (c) Contraction burst (CB) ensemble fires (repeatedly), triggering a
contraction of the whole animal in the following seconds (15s to 45s).
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1 mm

14.4 seconds GCaMP

1 mm

14.4 seconds TdTomato

(a) (b)

Figure I.8: GCaMP versus TdTomato fluorescence imaging. Our TRASE-IN [22]
project uses transgenic Hydra specimens expressing both GCaMP (left), which reports neuronal
activity, and TdTomato (right), which labels neuron nuclei independently of activity. The two
signals are shown at t = 14.4 s, at the onset of a contraction. (a) GCaMP has activity-dependent
signals therefore neurons are undetectable when inactive. (b) TdTomato offers a high SNR and
stable visibility of neurons regardless of activity, aiding tracking and signal normalization.

and behavior. In the following sections, we first detail the experimental videos used in this
project, and then discuss the automated analysis pipeline of such microscopy videos enabling
large-scale analysis of neuronal activity over time.

I.2.3 Experimental Data

Throughout this thesis, we relied on experimental fluorescence videos of Hydra vulgaris acquired
in collaboration with Rafael Yuste’s laboratory at Columbia University. In their setup, the
genetically-encoded calcium indicator GCaMP is used to report neuronal activity. An example
of such a video is shown in Figure I.7. Recordings are typically performed with a spinning
disk confocal microscope at 6× magnification and a frame rate of 10 Hz. Depending on the
experimental protocol, acquisition spans from one minute to an hour, yielding sequences ranging
from a few hundred to several thousand frames.

For instance, the datasets used in the TRASE-IN project [22] (see the following Section)
consist of videos of 1000 frames (100 s) with a resolution of 1000× 1000 pixels. Each sequence
contains the full body of the animal with approximately 800 neurons to track. Individual
neurons occupy a roughly circular region of radius 2–3 pixels.

In the TRASE-IN project, Alison Hanson (Yuste lab) cultivated double-transgenic Hydra
expressing both GCaMP for calcium activity and TdTomato, fluorophore (emission in red) that
marks neuron nuclei. An illustration is provided in Figure I.8, and the corresponding full-length
videos are available on Dryad2). While GCaMP enables functional imaging of neuronal activity,
its intermittent fluorescence leads to periods of undetectability when neurons are silent. In
contrast, TdTomato provides a stable, activity-independent signal that is particularly valuable
for tracking and intensity detrending. Imaging is performed with two excitation lasers tuned
to the respective absorption wavelengths of GCaMP and TdTomato, and two synchronized
detectors capture their emission spectra, producing two-channel fluorescence videos.

2https://datadryad.org/dataset/doi:10.5061/dryad.h9w0vt4q3 (files G7_contrxn-1.avi and
tdt_contrxn-1.avi

https://datadryad.org/dataset/doi:10.5061/dryad.h9w0vt4q3
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Normalization. Raw microscopy videos are not directly scaled to the standard intensity
range J0, 255K. For both visualization and downstream analyses (detection, tracking, optical
flow), raw intensities Iraw are normalized on a per-pixel basis as

I(w) = 255×max
(

0, min
(

1,
Iraw(w)− q(I, 0.01)

q(I, 0.999)− q(I, 0.01)

))
∈ J0, 255K ,

where q(I, p) denotes the p-quantile of intensities, computed over the first 50 frames of the
video.

Annotations. Annotations for Hydra neuronal imaging are scarce. Within TRASE-IN, we
manually annotated 20 TdTomato images to train supervised segmentation and detection al-
gorithms (see the following Section). To the best of our knowledge, no tracking annotations
are available for Hydra neurons, with the sole exception of a partial 20 s GCaMP sequence
annotated by C. Dupre [10], which has several limitations discussed in Chapter IV.3.1.2.

I.2.4 Analysis Pipeline

In this section, we present a general automated pipeline for the analysis of Hydra fluorescence
videos, designed to extract individual neuronal activities and relate them to the animal’s be-
havior. In particular, we will rely on our method TRASE-IN [22] that we developed at the
beginning of this PhD project and neuronal functional ensemble analyses developed by a former
PhD student in our lab at Institut Pasteur [23].

In our TRASE-IN pipeline, we rely on double-transgenic Hydra, expressing both GCaMP
and TdTomato. However, cultivating animals that express both fluorophores is technically chal-
lenging. As such, most experiments only include GCaMP. Consequently, the pipeline described
below focuses on a more general case in which only activity-dependent GCaMP images are
available.

The full analysis pipeline can be summarized in four main stages:

1. Neuron tracking: Individual neurons are tracked across the video to extract the calcium
signal of each neuron.

2. Spike extraction: Raw calcium traces (Figure I.6a) are denoised and deconvolved to
infer binary activation spike.

3. Ensemble identification: Neurons are grouped into functional ensembles based on co-
activity patterns.

4. Behavioral correlation: Ensemble activity is mapped to behavior to explore neural
coding principles.

We emphasize that this PhD project focused on the neuron tracking stage, with the exception
of the early TRASE-IN project, which also addressed spike extraction. We nevertheless describe
the full analysis pipeline to place our work in context and to give the reader a comprehensive
view of the complete project.
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Figure I.9: Neuron tracking pipeline in Hydra. (a) Neurons are detected in each frame
using either signal-enhancement and thresholding methods or deep learning. (b) Detections
are linked across time using Bayesian optimization to form tracklets. (c) Tracklets are stitched
into complete trajectories using spatiotemporal and appearance-based cues.

I.2.4.1 Neuron Tracking

Tracking individual neurons in GCaMP (or TdTomato) videos is a classic multiple object track-
ing (MOT) problem, which is treated in depth in Chapter II. We adopt the versatile tracking-
by-detection paradigm.

GCaMP images suffer from intermittent detectability: when neurons are inactive, their
signal often drops below detection threshold. Moreover, imaging artifacts such as noise, out-of-
focus blur, and occlusions contribute to missed detections. As neurons may be undetectable for
more than 100 consecutive frames, standard MOT algorithms tend to produce short, fragmented
trajectories called tracklets. These partial tracks must be linked into full-length trajectories using
a dedicated tracklet stitching step.

Our full tracking pipeline is thus divided into three stages (Figure I.9): (1) Detection of
neurons in each frame; (2) Linking of detections into tracklets; (3) Stitching of tracklets into
coherent long-range trajectories.

Detection See Chapter II.1.2 for a short review of detection and instance segmentation meth-
ods. Throughout this thesis, we usually rely on the wavelet-based spot detection method
from [24], which is particularly effective for detecting small, round, bright targets such as neu-
rons. In the TRASE-IN project, we found it achieved around 80% F1-score in our annotated
TdTomato images and generalizes reasonably well to GCaMP, only requiring to adapt its main
parameters-i.e the approximate object size (scale) and an intensity threshold. However, the
wavelet approach struggles to resolve densely packed neurons, since it converts thresholded bi-
nary masks into discrete detections via connected components (two closely apposed neurons
correspond to a single connected component).

In our TRASE-IN project, we overcome this by training a deep learning model (StarDist
[25]) on our annotated TdTomato images. This approach achieved ∼90% F1-score and better
separated adjacent nuclei (Figure I.10). While StarDist is more accurate, its generalization
is limited. It performs poorly on GCaMP images or data acquired with different microscopes
unless retrained, which requires time-consuming annotation. The wavelet-based method, though
less precise, is more versatile and easier to adapt via simple parameter tuning. In this thesis,
we assume reasonably accurate detections and focus our contributions on improving the other
tracking stages.

Linking Various algorithms are available for linking detections into tracklets, as reviewed in
Chapter II.1.3. Early in this project, we relied on eMHT [26], a multiple hypothesis tracking
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Figure I.10: Neuron detection in TdTomato from [22]. (a) Comparison of two detec-
tion algorithms: Top: wavelet-based multiscale denoising and thresholding [24] It uses con-
nected component labeling (CC) to resolve discrete detections from the binary segmentation
mask. Bottom: StarDist [25] neural network-based segmentation. Non Maximum Suppres-
sion (NMS) is used to filter out redundant predictions. (b) F1-score accuracy on test dataset
of our TdTomato annotated images, comparing wavelet and deep learning for various training
data sizes. For the wavelet spot detector, training images are used to find the optimal parame-
ters by grid-search. (c) Example TdTomato image with ground truth annotations and instance
segmentation from the wavelet spot detector and StarDist

(MHT) approach that frames linking as a Bayesian optimization problem. However, eMHT
suffers from scalability and robustness issues in Hydra data (that will be discussed later on).
These limitations motivated the development of new linking strategies, detailed in Chapters IV
and V.

Stitching Due to prolonged undetectability of neurons in GCaMP images, linking often yields
fragmented tracklets. These must be stitched into full trajectories. This step is typically
formulated as a cost minimization problem over potential tracklet-to-tracklet associations. Cost
functions include Euclidean distance [27] and motion-compensated metrics such as those used in
EMC2 [28]. The Hungarian algorithm [29] or its faster Jonker-Volgenant (JV) implementation
[30] are then used to find optimal links.

In TRASE-IN, we employed EMC2, a method previously developed in our lab. During
this PhD, we further extended this approach by incorporating visual features into the stitching
process, which is detailed in Chapter VI.

I.2.4.2 Spike Extraction

Following neuron tracking, spiking activity are extracted for individual neurons. To facilitate
the analysis, short tracks are discarded, and long tracks are interpolated at missing positions
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Figure I.11: Extraction of spikes from raw calcium signals in TRASE-IN [22]. A
Raw GCaMP and TdTomato signals are extracted for each neuron. B Non-neuronal cells (e.g.,
nematocytes) are filtered out. C Independent Component Analysis (ICA) uses the TdTomato
signal to remove non-calcium-related variations. D–E Signals are detrended and smoothed.
F Spikes are inferred using the Foopsi algorithm [31] followed by adaptive thresholding. G
Resulting binary spikes for each neuron across time.

over the entire video using the motion of neighboring tracks. Manual curation may be applied
to remove erroneous or false-positive tracks, ensuring that a substantial number of neurons are
accurately tracked throughout the recording.

For each tracked neuron, the raw calcium signal is extracted from the GCaMP images at
the tracked positions (Figure I.11A). Specifically, we compute the mean GCaMP fluorescence
intensity over the segmented neuron area provided by the tracking algorithm. If segmentation
is unavailable for certain frames (due to missed detections or for tracking methods that do not
include a segmentation stage), a user-defined circular ROI centered on the track position can
be used instead.

Let yt denote the noisy raw fluorescence signal extracted for a given neuron at frame t. This
signal is usually modeled as [31,32]:

yt = a(ct + b) + bt + ϵt, (I.1)

where ct represents the calcium concentration signal, bt is a slowly varying baseline accounting
for background auto-fluorescence and scattering, ϵt is measurement noise (due to acquisition
noise, or imprecision in the localization and extraction of the signal), and a, b are scaling and
offset parameters.

In addition, the calcium signal ct is modeled as an auto-regressive model of order p with a
sparse additive spiking signal st (typically modeling an exponential decrease with p = 1 and
α1 < 1) [31,32]:

ct =
p∑

i=1
αict−i + st (I.2)
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The objective is to recover a sparse, positive spike signal st that best fit the measured signal
yt. To achieve this, detrending and denoising are commonly applied to remove baseline drift
and high-frequency noise, using a combination of low-pass and high-pass filters [22, 33]. Next,
the spike inference problem is solved via deconvolution with L1-regularization on st to promote
sparsity [31,32]. In TRASE-IN, we relied on the constrained Foopsi algorithm [31] implemented
in CaImAn library [34].

Due to imaging noise and potential signal contamination from nearby neurons (see Fig-
ure I.6b), the deconvolution may yield spurious low-amplitude spikes. To address this, adaptive
thresholding is applied to retain only significant spikes, resulting in a sparse, binary spike signal
for each neuron.

The complete spike extraction pipeline implemented in TRASE-IN is illustrated in Fig-
ure I.11. The final output, referred to as raster plot, is a sparse binary matrix of size n × T ,
where n is the number of neurons and T is the number of frames, indicating the inferred spiking
times for each neuron.

I.2.4.3 Ensemble Identification

In Hydra, neurons tend to fire synchronously in groups known as functional ensembles [10]. Such
synchronous spiking patterns are evident in the raster plot of Figure I.11.F, where approximately
half of the recorded neurons participate in the CB (contraction burst) ensemble, firing together
at frames 249, 421, 572, 712, and 808 [22]. Identifying these ensembles is a crucial step in
understanding the neuronal coding underlying Hydra’s behaviors, as it reduces the complexity
of interpreting hundreds of individual neuronal activities to a few (≤ 5) collective functional
units.

Let si
1:T ∈ {0, 1}T denote the binary spiking vector for neuron i over T frames. A key initial

step toward identifying ensembles is to define a pairwise distance or coupling measure between
neurons that reflects their tendency to fire together. Due to small inaccuracies and temporal
jitter in spike extraction, direct computation of correlations on the raw binary vectors si

1:T often
fails to capture true synchrony. To address this, spike trains are commonly convolved with
Gaussian kernels prior to correlation analysis, allowing for temporal flexibility in co-activation
detection [35, 36]. Alternatively, advanced statistical methods that explicitly account for spike
timing offsets, such as SODA, can be employed for robust coupling estimation [37].

Once a coupling matrix has been computed, dimensionality reduction techniques such as
Principal Component Analysis (PCA) can be applied to identify dominant ensembles [36,38,39].
Graph-based community detection methods, including the Louvain algorithm [37, 40], provide
an alternative by clustering neurons based on their co-activation graphs. More sophisticated
approaches leverage Bayesian inference frameworks incorporating biological priors to infer en-
semble structures directly from spiking activity [23,41]. For a comprehensive review of statistical
methods for ensemble identification in neuronal data, we refer the reader to the work of Kubler
et al. [23].

I.2.4.4 Behavioral Correlation

The ultimate goal of this pipeline is to identify patterns in neuronal activity that underlie
and trigger specific behaviors. This requires recording and classifying the animal’s behavior
and correlating these behavioral events with the ensemble activity patterns extracted from the
neuronal data.
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Figure I.12: Key-point tracking in Hydra using DeepLabCut [42], from the unpublished
work of Evanne Martin, supervised during this PhD project. Key points on the head, mid-body,
and foot are tracked to facilitate automatic behavioral classification.

Behavior Extraction While behavioral classification can be performed manually, recent deep
learning-based pose estimation methods such as DeepLabCut [42], LEAP [43], or SLEAP [44]
now allow for fast, accurate, and scalable tracking of animal postures, enabling automated
behavior classification [45]. Early in this PhD project, we supervised an intern, Evanne Mar-
tin, to track key anatomical landmarks (head, foot, mid-body) of Hydra using DeepLabCut
(Figure I.12). By applying an ad-hoc classifier on distances and angles between these tracked
points, we successfully classified each video frame into distinct behaviors such as contraction,
elongation, and bending.

Behavioral Correlation Once behavioral states are assigned to each frame, they can be
directly correlated with the ensemble activity extracted earlier.

A straightforward analysis involves assessing the co-occurrence between specific neuronal
ensemble activations and behaviors. For example, [45] demonstrated that RP1 ensemble neu-
rons actively participate in Hydra somersaulting, with RP1 activity increasing before motion
initiation and CB ensemble activation occurring prior to the reattachment of the foot (Fig-
ure I.13). In Zebrafish [23, 46] and mice [47], optical stimuli are applied to the animal with
different grading/angles/amplitude. The different neuronal ensembles are shown to activate for
specific optical stimuli.

More advanced approaches aim to predict behaviors directly from neuronal activity patterns,
therefore demonstrating the encoding of behavioral information within the neural signals. For
instance, in [48], long short-term memory (LSTM) networks [49] have been used to infer an
animal’s position from its neuronal activity.

At the beginning of this PhD project, Evanne Martin successfully trained an LSTM model
on the global neuronal fluorescence signal (averaged across all neurons, as reliable individual
tracking was not yet established) and demonstrated its ability to predict contraction behaviors
in Hydra from collective neuronal activity patterns.

I.3 Goals
Robust tracking of thousands of neurons is a critical first step toward the end-to-end analy-
sis of neuronal activity in freely behaving Hydra vulgaris. This PhD project was motivated
by the limitations of classical multiple object tracking (MOT) algorithms (see Chapter II.4),
which struggles to maintain reliable tracks over long sequences (typically >100 frames). These
methods often produces identity switches—where a single track follows different neurons—or
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Figure I.13: Somersault behavior vs neuronal activation from [45]. The spike frequency
of RP1 (red) and CB (blue) neuronal ensembles is shown alongside a somersault (S2, S3, S4)
in Hydra. The data suggest that somersaults are associated with specific activation patterns:
RP1 activity ramps up before movement initiation, followed by CB ensemble activation prior
to foot reattachment.

fragmented trajectories. Such errors severely limit downstream analyses, which rely on accurate
and continuous neuronal tracking.

The primary objective of this PhD was thus to develop more robust tracking methods
tailored to the specific challenges of Hydra vulgaris neuronal recordings. While the Hydra use
case motivated our work, the methods developed in this thesis were designed to generalize to
other biological targets, such as cells or molecules. To improve adaptability and generalization
across domains, we focused on unsupervised or self-supervised approaches, which do not rely
on annotated training data, that are often scarcely available in biology.

We also placed a strong emphasis on usability, particularly for researchers without extensive
programming backgrounds. As a result, we released clean, open-source, and well-documented
implementations of our algorithms through the Python library ByoTrack3, which includes
reusable scripts and Jupyter notebooks. Integration of this library into popular image anal-
ysis platforms such as Icy [50], Fiji [51], and Napari [52] has also been initiated.

I.4 Challenges and Contributions

In this section, we present the major challenges associated with MOT in the context of Hydra
neuron tracking and summarize the contributions of this thesis that address them.

3https://github.com/raphaelreme/byotrack

https://github.com/raphaelreme/byotrack


16 CHAPTER I. INTRODUCTION

Figure I.14: Cell Tracking Challenge (CTC) datasets from [59]. Representative regions
from the video dataset repository. (A) C2DL-MSC; (B) C3DH-H157 (selected z-slice); (C)
C3DL-MDA231 (selected z-slice); (D) N2DH-GOWT1; (E) N2DL-HeLa; (F) N3DH-CHO (se-
lected z-slice); (G) N2DH-SIM (also representative of a selected z-slice of N3DH-SIM)

I.4.1 Lack of Annotated Tracking Data

Annotated tracking datasets in biology are rare and often specific to narrow use cases. The
labeling process is time-consuming and prone to human errors and biases, especially for tracking,
which requires long-term annotations across multiple objects and frames [53, 54]. In contrast,
tasks such as image classification or segmentation can be evaluated on a few regions of interest
in a small number of images. Tracking, by nature, demands at least spatial and temporal
consistency across a few several sequences. Consequently, many biological tracking methods
are evaluated quantitatively on synthetic datasets and only qualitatively on experimental data,
which often lacks ground truth annotations [27,53–58].

I.4.1.1 Data for Supervised Learning

With the recent advances in deep learning, supervised learning has become the standard in MOT
for natural images (e.g., TrackFormer [60]). Howerever, its use in biological applications
remains limited due to the scarcity of annotated data and the lack of distinctive features (e.g.,
texture, color) in targets such as neurons, cells, pathogens or molecules. The Cell Tracking
Challenge (CTC) [59, 61] remains the largest publicly available dataset for biological tracking
(Figure I.14), comprising ∼40 videos with public annotations. In this benchmark, deep learning
methods have shown strong performance for detection and segmentation and have also been
applied in tracking for motion modeling through methods like Linajea [62], EmbedTrack [63],
and TrackAstra [64]. However, generalization across datasets remains limited and mostly
applies to cells undergoing Brownian motion and with cellular division, conditions quite different
from neuron tracking in Hydra.

Given the limited applicability of supervised methods in this context, all methods developed
during this PhD were either unsupervised or self-supervised (i.e., trained using pretext tasks
without ground truth, allowing them to be retrained freely on new data).
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I.4.1.2 Data for Quantitative Evaluation

Even unsupervised or self-supervised methods require annotated data for quantitative evalua-
tion. Unfortunately, no such dataset exists for neuron tracking in Hydra. Existing resources,
such as the CTC [61] or the Particle Tracking Challenge (PTC) [54], focus on synthetic parti-
cles or dividing cells in vitro with independent motion patterns. They do not reflect the global,
sudden and elastic motion of neurons in a moving organisms.

To address this, we developed our own synthetic dataset, SINETRA [65] (Chapter III),
which simulates 2D and 3D time-lapse sequences mimicking the complex motion of neurons
in behaving animals. This allows for reproducible benchmarking and objective evaluation of
tracking algorithms tailored to Hydra.

I.4.2 Tracking Challenges in Hydra

In this section, we summarize the major challenges of tracking neurons in Hydra, ranging
from general issues in biological imaging to specific properties of this organism. Some of these
challenges are illustrated in Chapter II.4.

I.4.2.1 Signal-to-Noise Ratio

As with many biological datasets, GCaMP and TdTomato images of Hydra are acquired via
fluorescence microscopy. Despite significant progress in imaging techniques, these data are still
limited by low signal-to-noise ratio (SNR). This is particularly challenging in behaving animals,
where motion blur and phototoxicity constrain the imaging frame rate, which must balance
temporal resolution against noise levels.

In particular, neurons in GCaMP images (Figure I.7) can be difficult to distinguish from
background noise—even for expert annotators. Although the TdTomato channel improves neu-
ron visibility (Figure I.8), choosing robust segmentation thresholds remains challenging. A low
SNR reduces the ability of both human annotators and automatic algorithms to accurately
segment, track, or differentiate between individual neurons.

I.4.2.2 Neuron Density

Some neurons are densely packed, especially in regions such as the animal’s foot or head (Fig-
ure I.8). In such cases, threshold-based segmentation approaches frequently merge adjacent
neurons, resulting in under-segmentation (see Chapter II.1.2.1 and Figure I.10). Although deep
learning methods such as StarDist [25] can mitigate this issue, they require segmentation
annotations.

Moreover, a successful tracking requires accurate motion prediction to maintain identity
consistency across frames. This becomes especially difficult when neurons are close together
and exhibit unexpected motion.

In this thesis, we did not try to improve the segmentation methods and rather rely on
existing segmentation algorithms, such as the wavelet spot detector [24], or StarDist where
applicable (i.e. with a suitable training dataset). Instead, we designed robust tracking-by-
detection algorithms, able to track despite detections errors.
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I.4.2.3 Animal Motion

Hydra exhibits rapid and large-scale deformations, especially in the tentacles and head during
contraction (Figure I.3). Standard motion models, such as Kalman filters, often fail to predict
such sudden motion accurately, leading to incorrect track associations and identity switches.

To address this, we propose a new motion model in Chapter IV that incorporates optical
flow as a second, image-based velocity sensor to enhance Kalman filter predictions [66].

I.4.2.4 Intermittent Visibility

Due to the activity-dependent nature of GCaMP fluorescence, inactive neurons intensity fre-
quently drops below detection thresholds and such neuron may remain undetected for over 100
consecutive frames. In these cases, standard MOT methods tend to produce fragmented short
tracks referred to as tracklets. These tracklets must be linked into full-length trajectories using
a dedicated tracklet stitching post-processing step.

In previous work, Thibault Lagache proposed a geometric stitching method to link such
tracklets across elastic deformations [28]. We extended this method by incorporating self-
supervised visual features to improve robustness, as detailed in Chapter VI.

I.4.3 Contributions & Publications

This PhD thesis presents several contributions toward the robust tracking of neurons in Hy-
dra vulgaris, enabling fine-grained (per-neuron) recording and analysis of neuronal activity in
correlation with the animal’s behavior.

At the beginning of this project, we established an analysis pipeline for dual-labeled Hydra
(expressing both GCaMP and TdTomato), which we named TRASE-IN (Chapter I.2.4). In
parallel, we developed methods to improve tracklet stitching using self-supervised deep learning
to learn neuron-specific visual features (Chapter VI). These two initial efforts revealed limita-
tions in the existing MOT algorithms, particularly in their ability to cope with the organism’s
large-scale deformations. To address this, we developed SINETRA (Chapter III), a synthetic
dataset that reproduces realistic motion and noise challenges, allowing for objective comparison
of neuron tracking algorithms in behaving animals. Then, we introduced KOFT (Chapter IV),
a novel tracking method that incorporates optical flow as a second independent velocity sensor
into a Kalman filtering framework.

Finally, we extended our KOFT tracking framework into a fully Bayesian Multiple Hypothe-
sis Tracking (MHT) framework. We tailored our Bayesian framework to rely on few user-defined
parameters, that can be manually tuned without expect knowledge. This Bayesian KOFT
(KOFT-MHT) strongly improves tracking robustness for our Hydra use case (Chapter V).

Throughout this work, we rely on existing biological object detection methods. Our default
approach is a wavelet-based enhancement and thresholding technique [24] (see Chapter II.1.2.1).
We also trained deep learning-based detectors (e.g., StarDist) on TdTomato-labeled images.
Although tracking performance is highly dependent on the quality of detection, we deliberately
focused our contributions on the data association and linking task, which cannot be tackled
through supervised learning due to limited annotated data and, on which classical MOT ap-
proaches struggle due to the specific challenges listed above.

All tools developed during this thesis are open source, and the majority are distributed



I.4. CHALLENGES AND CONTRIBUTIONS 19

via the Python package ByoTrack4, which includes reusable code, notebooks and scripts for
detection and tracking in both 2D and 3D. We also extended this library to support cell division
events and submitted our tracking algorithms to the Cell Linking Benchmark (CLB)5 of the Cell
Tracking Challenge (CTC), where one of our unsupervised method, initially designed for Hydra’s
neurons, ranked first among seven competitors, outperforming supervised approaches on these
datasets. This result highlights the generalization potential of our unsupervised methods for
biological MOT.

I.4.3.1 Publications

Below is the complete list of publications resulting from this thesis work, ordered chronologically.
(Co-)First authors are denoted with a ⋆.

• Visual Tracklet Stitching (Chapter VI): Raphael Reme⋆, Victor Piriou, Alison Han-
son, Rafael Yuste, Alasdair Newson, Elsa Angelini, Jean-Christophe Olivo-Marin, and
Thibault Lagache.
Tracking intermittent particles with self-learned visual features. IEEE ISBI, 2023. [67]

• TRASE-IN (Chapter I.2.4): Alison Hanson⋆, Raphael Reme⋆, Noah Telerman⋆,
Wataru Yamamoto, Jean-Christophe Olivo-Marin, Thibault Lagache, and Rafael Yuste.
Automatic monitoring of neural activity with single-cell resolution in behaving Hydra.
Scientific Reports, 2024. [22]

• KOFT (Chapter IV):Raphael Reme⋆, Alasdair Newson, Elsa Angelini, Jean-Christophe
Olivo-Marin, and Thibault Lagache.
Particle tracking in biological images with optical-flow enhanced Kalman filtering. IEEE
ISBI, 2024. [66]

• SINETRA (Chapter III): Raphael Reme⋆, Alasdair Newson, Elsa Angelini, Jean-
Christophe Olivo-Marin, and Thibault Lagache.
SINETRA: A Versatile Framework for Evaluating Single Neuron Tracking in Behaving
Animals. IEEE ISBI, 2025. [65]

• [SUBMITTED] KOFT Journal Extension (Chapter IV): Raphael Reme⋆, Alasdair
Newson, Elsa Angelini, Jean-Christophe Olivo-Marin, and Thibault Lagache.
Using Optical Flow as a Velocity Sensor for Kalman-Based Tracking of Biological Objects.
Submitted to IEEE TIP.

• [IN PREPARATION] KOFT-MHT (Chapter V): Raphael Reme⋆, Alasdair Newson,
Elsa Angelini, Jean-Christophe Olivo-Marin, and Thibault Lagache.
Bayesian Multiple Hypothesis Tracking with Optical flow enhanced Kalman filtering To be
submitted to IEEE ISBI 2026.

I.4.3.2 Manuscript Outline

This manuscript is structured as follows.

In Chapter I - Introduction, we present the general context of the PhD, outlining its goals
and motivation within the broader project of neuronal activity analysis in behaving animals like
Hydra vulgaris. We rely partially on our worked published in Scientific Reports:

4https://github.com/raphaelreme/byotrack
5https://celltrackingchallenge.net/latest-clb-results/

https://github.com/raphaelreme/byotrack
https://celltrackingchallenge.net/latest-clb-results/
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• Alison Hanson⋆, Raphael Reme⋆ et al. Automatic monitoring of neural activity with
single-cell resolution in behaving Hydra. Scientific Reports, 2024. [22]

Chapter II - Multiple Object Tracking extensively reviews the state of the art in MOT,
with a particular focus on biological targets. We conclude with a detailed example of neuron
tracking in Hydra to highlight the challenges addressed in this thesis.

Chapter III - SINETRA introduces our synthetic dataset for evaluating MOT applied to
neurons in behaving animals. We benchmark multiple algorithms and discuss how SINETRA
enables fair and reproducible comparison. This work was published in ISBI 2025:

• Raphael Reme⋆ et al., SINETRA: A Versatile Framework for Evaluating Single Neuron
Tracking in Behaving Animals, IEEE ISBI 2025. [65]

In Chapter IV - KOFT, we describe a novel method that incorporates optical flow as a
second sensor in Kalman filtering to improve motion prediction. This work was presented at
ISBI 2024 and submitted to IEEE TIP:

• Raphael Reme⋆ et al., Particle tracking in biological images with optical-flow enhanced
kalman filtering, IEEE ISBI 2024. [66]

• Raphael Reme⋆ et al., Using Optical Flow as a Velocity Sensor for Kalman-Based Tracking
of Biological Objects, Submitted to IEEE Transactions on Image Processing

Chapter V - KOFT-MHT extends our tracking framework in a fully Bayesian solver
(MHT) to improve robustness in densely packed and ambiguous tracking scenarios. To be
submitted to ISBI 2026.

Chapter VI - VEMC2, proposes enhancements to the EMC2 tracklet stitching method,
using visual features learned via self-supervised learning. This work was published in ISBI 2023:

• Raphael Reme⋆ et al., Tracking intermittent particles with self-learned visual features,
IEEE ISBI 2023. [67]

Finally, Chapter VII - Conclusion and Perspectives summarizes the thesis contribu-
tions, discusses limitations, and highlights potential future directions, including broader appli-
cations of the developed tracking algorithms.



Chapter II

Multiple Object Tracking: State of
the Art

Multiple Object Tracking (MOT) aims to track individual objects in 2D or 3D videos. The
objects of interest, or "targets", are assumed to be visible in at least some frames of the video,
making it possible to estimate their pixel-wise positions over time.

The input to an MOT algorithm is a video of length T , represented as a sequence of T
images: I1:T = (It)1≤t≤T . Each image It is defined as a mapping from a spatial coordinate
(pixel) w ∈ Rd to an intensity value It(w) ∈ Rc, where d is the spatial dimension of the image
(e.g., d = 2 for standard images), and c is the number of channels (e.g., c = 3 for RGB images).

In practice, images are defined only on a discrete, bounded domain. Let S ∈ Nd denote the
size of the image along each dimension. The image is then truly defined only on the discrete
pixel grid W =

⊗d
k=1 J0, Sk − 1K (a Cartesian product of intervals), such that W ⊂ Nd ⊂ Rd.

Values at other locations can be obtained via interpolation or extrapolation. For simplicity, in
all following of the thesis, we extend the definition of an image as a mapping from Rd to Rc.

Targets are assumed to be visible in at least one frame, meaning their presence alters the
values of a subset of pixels, thereby allowing for their localization. The objective of an MOT
algorithm is to determine the location of all targets across all frames of the video.

For the sake of generality, we assume that the ith target at time t is described by a state
vector xi

t ∈ Rdx , where dx is the dimension of the state space. This state encodes all relevant
information needed to model the target’s appearance in the image, such as position, velocity,
size, color, and other visual features. In practice, the definition of the state varies across
methods, from a simple 2D position (e.g., the target’s centroid) to more complex representations
like parametric curves, segmentation masks, or visual descriptors.

Let N be the number of targets in the video, which is typically unknown and must be
estimated. Let Xt = (xi

t)1≤i≤N be the state of all targets at time t and X1:T = (Xt)1≤t≤T be
the full sequence of states over time. MOT algorithms aim to estimate the sequence X1:T that
best explains the observed video data, where the definition of "best" depends on the specific
algorithmic approach.

In this framework, a track can be defined as the sequence of states of a single target across
time: Xi

1:T = (xi
t)1≤t≤T .

In the following sections, we review various approaches to address this task, with a particular

21
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Detected target

Miss detected target False positive detection

Virtual detection True association

Candidate association

(a) (b)t t

Figure II.1: Illustration of the tracking-by-detection paradigm with three targets (circle, star,
and pentagon) across four frames (t = 1 to t = 4). (a) Detections are shown for each frame. The
circle target is missed on frame 2, and the pentagon target on frame 3. False positive detections
(in red) appear on frames 2 and 4. (b) Linking detections to reconstruct tracks under the 1-to-1
association assumption. Tracks are formed by selecting consistent paths (green edges) from a
set of candidate associations. The linking algorithm must bridge missed detections—e.g., by
introducing virtual detections—and reject false positives from being included in the final tracks.

focus on tracking-by-detection strategies and Bayesian methods, which form the basis of the
algorithms developed in this thesis.

II.1 Tracking-By-Detection framework

As multiple object tracking (MOT) is a particularly challenging task, a widely adopted strategy
is to decompose it into two simpler sub-tasks: (i) the detection of targets in each individ-
ual frame, followed by (ii) the association (or linking) of these detections across time. This
paradigm, known as tracking-by-detection benefits from recent advances in object detection and
segmentation—particularly with the advent of deep learning. Furthermore, the linking step
can be formulated as an optimization problem that naturally accommodates the appearance
and disappearance of targets, therefore enabling estimation of the (often unknown) number of
targets N in the video.

The detections process is prone to errors. In particular, some targets are miss detected
because of imaging conditions (e.g. low SNR, particles moving out-of-focus, occlusions...) or the
biophysics of the imaged target, that can switch into a non-detectable state (e.g. intermittency of
Quantum Dots fluorescence [68], photo-switchable fluorophores [69], calcium imaging of neurons
[70]...). Also noise and background structures are often detected as targets, giving false positive
detections, also referred to as clutter detections. Figure II.1 shows a simple example of such
cases, where the linking algorithm have to handle and correct for detections errors.

In this thesis, we adopt the tracking-by-detection framework and in particular, we propose
novel linking algorithms detailed in Chapters IV and V. In this section, we first introduce
the formalism of this approach, then review standard detection techniques, and finally present
various strategies and algorithms for linking.

II.1.1 Formalism

II.1.1.1 Detection

A detection algorithm extracts a set of measurements or detections Zt = (zj
t )1≤j≤Mt for each in-

put frame It, where Mt denotes the number of detections at time t and zj
t is the jth measurement
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vector. The sequence of detections sets across time is denoted by Z1:T = (Zt)1≤t≤T .

Each detection vector zj
t ∈ Rdz lies in a measurement space of dimension dz and encodes

the localization of the detected target. We distinguish three primary detection formats:

1. Center of mass: Each detection is represented by the coordinates of its center of mass.
In this case, dz = d, where d is the spatial dimensionality of the image. For instance,
in 2D we have zj

t = (x, y) ∈ R2. This representation is particularly suited for point-like
targets (referred to as particles), and can also be used for larger targets for simplicity.

2. Bounding box: Each detection is encoded as a d-dimensional bounding box, typically
specified by a reference point (e.g., center or top-left corner) and its spatial dimensions.
This yields dz = 2d, e.g., in 3D: zj

t = (x, y, z, dx, dy, dz) ∈ R6. This format provides the
spatial extent of detected targets while maintaining a compact representation.

3. Segmentation mask: Each detection is a binary mask indicating, for every pixel w ∈W,
whether it belongs to the detected object. Formally, zj

t ∈ J0, 1KW. While this format offers
a rich, fine-grained description of targets localization, it is also much more complex and
is often converted to simpler representations for the linking.

Although detection algorithms may use a specific internal format, it can typically be trans-
formed to the one required by the linking algorithm. Moreover, the measurement vector can
be augmented with handcrafted (e.g. intensity, size, curvature, ...) or learnt (e.g. with deep
learning) features prior to the linking phase.

II.1.1.2 Linking

The linking algorithm connects detections across time to form coherent trajectories. Each
detection in Zt is indexed from 1 to Mt. Let Jt = J1, MtK be the set of detection indices at time
t and J1:T = (Jt)1≤t≤T be the full temporal sequence of detections indices. A track for target i
is characterized by a sequence of index sets γi

1:T = (γi
t)1≤t≤T , with:

∀t ∈ J1, T K , γi
t ⊂ Jt (II.1)

where γi
t is the subset of detection indices associated with target i at time t.

This very general formalism allows to handle the errors from the detection process. Indeed
for non-existing or miss-detected targets, then no detection can be assigned to the track with
γi

t = ∅. In cases of a split detection, multiple detections may correspond to the same target
(|γi

t | > 1). Conversely, a single detection may be associated with multiple targets (merged
detection), i.e., ∃i1 ̸= i2 such that γi1

t ∩ γi2
t ̸= ∅. Finally, false positive detections are simply

not associated with any track.

For convenience, we refer to the sequence γi
1:T as a "track". The set of all feasible tracks

given the detections indices J1:T is denoted Ω(T ), which can be written as a cartesian product
(where P(S) denotes the power set of S):

Ω(T ) =
T⊗

t=1
P(Jt) (II.2)
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For each track γi
t ∈ Ω(T ), its birth and death times are defined as its first and last appearance

times (see tracks 2 and 3 from Figure II.2):

ti
b = min{t | |γi

t | ≥ 1} (II.3)
ti
d = max{t | |γi

t | ≥ 1} (II.4)

The set of detection vectors associated with track i at time t is denoted:

Z
γi

t
t = {zj

t | j ∈ γi
t} (II.5)

and the full sequence across time is Zγi
1:T = (Zγi

t
t )1≤t≤T .

The linking stage outputs a subset of N tracks over T frames, denoted Γ1:T = (γi
1:T )1≤i≤N .

Given a subset of tracks Γ1:T ⊂ Ω, we define the associated detections indices at time t as
Ja

t =
⋃N

i=1 γi
t ⊂ Jt, and the set of unassigned detections indices (i.e., false positives or clutter)

as J f
t = Jt \ Ja

t . The sequence of false positive detections is then denoted J f
1:T = (J f

t)1≤t≤T . For
instance after the linking, false positive detections are colored in red in Figures II.1.b and II.2.d.

A widely used and equivalent formulation of the linking is the measurement-oriented one,
where we seek to assign labels Lt = (Lj

t )1≤j≤Mt to each detection, with:

Lj
t = {i ∈ J1, NK | j ∈ γi

t} (II.6)

A detection is labeled with the indices of tracks it is associated with. False positives satisfy
Lj

t = ∅, while merged detections can have |Lj
t | > 1 (see Figure II.2).

This measurement-oriented formulation is fully equivalent to the track-oriented one, and
both may be used interchangeably. Specifically, one can recover the track associations from
labels via γi

t = {j | i ∈ Lj
t}.

A widely adopted simplification in many tracking algorithms is the 1-to-1 association as-
sumption. Under this assumption, each detection is associated with at most one target, and
each target is linked to at most one detection per frame:

|Lj
t | ≤ 1, |γi

t | ≤ 1 (II.7)

This constraint removes the possibility of modeling merged or split detections. When a detection
corresponds to multiple true targets (e.g., overlapping cells in a single bounding box), only one
target may be associated with it—the others are treated as missed. Conversely, when a single
target generates multiple detections (e.g., an over-segmented cell), only one detection is retained,
and the others are classified as false positives.

Linking algorithms solve an optimization problem of the form:

Γ⋆
1:T ∈ arg min

Γ1:T ⊂Ω(T )
C(Γ1:T , Z1:T ) (II.8)

where C is a cost function that quantifies how well the proposed associations Γ1:T fit the ob-
served detections Z1:T . Typically, the cost is low when tracks are associated to detections that
share similar features. When tracking natural image targets (human, cars, planes, ...) visual
features (like clothes, colors, brand, ...) can be extracted to discriminate between objects. In
biology, these are less discriminative, and the cost is rather based on shape, intensity and mostly
positional features (low, or smooth target motion).
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Figure II.2: Illustration of track-oriented and measurement-oriented linking for-
malism, highlighting key challenges in object tracking: false positives, missed detections, and
target/detection splitting. (a) Detections for each of the four frames are shown, with arbitrary
indexing from top to bottom. The circle target is missed on frame 2, and false positive de-
tections (shown as rectangles) appear on frames 2 and 4. On frame 3, two detections (1 and
2) correspond to the same circle target (i.e., a split detection). (b) Detections sets Z1:4 corre-
sponding to the top-left panel. (c) True labeling of detections using track-oriented formalism.
Each track is associated with unique color (see on bottom left panel), while red denotes the set
of false positives. For instance, the track 1 (circle, purple) starts on frame 1 with the detection
first detection z1

1 (γ1
1 = {1}), it is miss-detected on frame 2 (γ1

2 = ∅), then associated to the two
first detections of frame 3 (γ1

3 = {1, 2}) and finally associated to z1
4 (γ1

4 = {1}). The matching
between the first track indices and detections is illustrated by purple arrows. A birth event
occurs for the pentagon target on frame t3

b = 2, and a death event for the star target on frame
t2
d = 2. On frame 4, the pentagon undergoes a target splitting event, producing two new targets

(4 and 5). (d) True labeling of detections using measurement-oriented notation. Detections are
shown with their associated track identifier. Again, each color represents a unique target, while
red denotes false positives: e.g., detection 2 on frames 2 and 4 are unassigned: L2

2 = L2
4 = ∅. On

frame 3 the two first detections are associated to track 1 (circle, purple) and the last detection
is associated to track 3 (pentagon, yellow): L1

3 = {1}, L2
3 = {1}, L3

3 = {3}.
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In essence, a linking algorithm is defined by two components: a cost function C and a strategy
to minimize it. We note that without further assumptions and heuristics, the cardinality of Ω
grows exponentially in time and number of targets, preventing to find Γ⋆

1:T efficiently.

A common structure of the cost function is the following decomposition:

C(Γ1:T , Z1:T ) =
N∑

i=1
C(Zγi

1:T ) +
T∑

t=1

∑
j∈J f

t

cf(zj
t ) (II.9)

=
N∑

i=1

T∑
t=1

c(Zγi
t

t | Zγi
1:t−1) +

T∑
t=1

∑
j∈J f

t

cf(zj
t ) (II.10)

where C(Zγi
1:T ) denotes the total cost of a single track i, which is often decomposed into per-

frame propagation costs c(Zγi
t

t | Zγi
1:t−1). The second term penalizes false positive detections

via a cost cf for each unassociated detection.

Note that before a track begins (t < ti
b) and after it ends (t > ti

d), the propagation cost is
assumed to be zero:

t /∈
q
ti
b, ti

d
y

=⇒ c(Zγi
t

t | Zγi
1:t−1) = 0 (II.11)

Special care is often taken in modeling the costs at the birth and death of targets (see track
2 and 3 from Figure II.2), which are relatively rare events and may incur higher penalties.
Beyond simple birth/death events, some scenarios require modeling more complex interactions
between tracks, such as:

• Target splitting: A single target at time t may give rise to multiple targets at time t+1.
This occurs, for example, in biological imaging when a cell divides (mitosis). The model
must allow for such events and assign appropriate costs to encourage or discourage them,
depending on context. An example of target splitting is given in Figure II.2, where track
3 splits into tracks 4 and 5.

• Target merging: Conversely, multiple targets at time t may merge into a single target
at time t + 1. This happens in scenarios such as receptor aggregation on cell membranes.
Again, this can be modeled by specific cost terms.

Unlike merged or split detections—which do not alter the number of tracked targets—target
splitting and merging events modify the number of active targets across time. Accurate modeling
of these events is crucial in applications like biological imaging, where understanding such
transitions is often of central importance.

II.1.1.3 State Estimation

After the association step has produced a consistent set of tracks Γ1:T , the final objective
is to estimate, for every target, a continuous state vector xi

t ∈ Rdx that summarizes its latent
properties at each time instant (e.g., sub-pixel position, velocity, orientation, size, or fluorescence
intensity).

The most direct strategy is to derive the state from the raw measurements that belong to
the track:

xi
t = g

(
Z

γi
t

t

)
, (II.12)
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where g(·) is typically a component-wise average, median, or centroid operator and therefore
dx = dz. If γi

t = ∅ (missed detection) the state can be flagged with a dummy vector x∅ or
interpolated from neighboring time frames.

Although Eq. (II.12) is adequate for high-SNR particle data, it neglects two crucial issues: (i)
measurement noise corrupts every z; (ii) physically meaningful states—such as velocity—cannot
be obtained from a single frame. Both shortcomings are addressed by stochastic state–space
models. This will be detailed in the Bayesian framework, where such state estimation is framed
as a Bayesian smoothing problem (see Chapter II.3.2).

II.1.2 Detection Approaches

II.1.2.1 Signal Enhancement and Thresholding

One of the most widely used strategies for object detection in biomedical imaging consists of two
stages: signal enhancement followed by thresholding. These methods aim to identify candidate
objects in microscopy images, such as cells, nuclei, vesicles, or macromolecular complexes, by
amplifying relevant structures and removing background noise.

Signal enhancement. Raw microscopy images often suffer from low signal-to-noise ratio,
inhomogeneous background, or weak contrast. A variety of preprocessing filters can be used to
enhance signal features of interest. The most common enhancement techniques include:

• Gaussian filtering for denoising and smoothing.

• Top-hat filtering, a morphological filter that highlights bright or dark spots relative to
their surroundings.

• Total Variation (TV-L1) denoising [71, 72] to preserve edges while reducing noise.

• Difference of Gaussians (DoG) or Laplacian of Gaussian (LoG) filters to enhance
blob-like structures at a given scale [73,74].

• Wavelet transforms that enhance blob-like structures at multiple scales [24].

These enhancement steps yield a response map where high intensity regions correspond to
potential object locations.

Thresholding. Once the signal is enhanced, a binary mask is created by applying a threshold
to the response image. Threshold selection is critical and can be done:

• Globally, using user-defined values or automatic heuristics such as Otsu’s method [75,76].

• Locally, using adaptive thresholds that vary across the image to handle illumination
inhomogeneity.

After thresholding, the resulting binary mask identifies candidate object regions.
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Post-processing with connected components. To convert the binary mask into a set of
discrete detections, connected component labeling is applied. This step assigns a unique label to
each spatially connected region, from which individual detection features (centroid, size, shape,
intensity, etc.) can be extracted. In 2D, connectivity is typically defined using 4- or 8-connected
neighborhoods; in 3D, 6-, 18-, or 26-connected components are common.

Optionally, additional steps such as size filtering, shape filtering, or watershed segmentation
[77] can be used to refine the mask or separate overlapping objects.

The set of detections Zt is simply the set of connected components, where each detection is
represented by its segmentation mask.

Discussion. This two-step pipeline (enhancement + thresholding) is fast, interpretable, and
easily tunable, making it widely applicable to microscopy images. However, it can be sensitive
to parameter choices (e.g., kernel sizes, thresholds), image artifacts, and variability in object
appearance. For large-scale datasets or challenging imaging conditions, more advanced detection
approaches (e.g., learning-based methods) may offer improved robustness.

Still, signal-enhancement-based detection remains a strong baseline and is often used as a
first step in many tracking-by-detection pipelines.

II.1.2.2 Model-Based

Model-based detection approaches use explicit geometrical or physical models to delineate object
boundaries or estimate object parameters directly from the image data. Unlike threshold-based
methods that rely on image intensity alone, model-based techniques incorporate prior knowledge
about the expected shape, size, or topology of the objects to be detected.

Active contours and level sets

One of the most well-known model-based methods is the active contour or snake framework [78–
82]. A snake is a deformable curve C(s) that evolves under internal forces (e.g., smoothness
constraints) and external image-derived forces (e.g., gradients) to minimize an energy functional:

E[C] =
∫ [

α|C′(s)|2 + β|C′′(s)|2 + Eimage(C(s))
]

ds (II.13)

where Eimage attracts the curve toward object boundaries, and α, β control elasticity and
stiffness.

To handle topological changes (e.g., splitting or merging), level set methods [83–86] extend
active contours by representing object boundaries implicitly as the zero level set of a higher-
dimensional function ϕ(x). The evolution of ϕ is governed by partial differential equations that
minimize a suitable energy functional (such as Mumford-Shah functional [87]), allowing the
contour to adapt flexibly to complex shapes and topologies.

Initialization and optimization. A common challenge in snakes-based methods is the need
for initialization. Since many of these methods optimize non-convex energy functions, their
performance is highly dependent on a good initial guess. Initialization may be manual or
derived from simple heuristics (e.g., blob detection). The optimization process can also be
computationally intensive, particularly in 3D or when applied to large numbers of objects.
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Discussion. Snake-based detection methods offer fine-grained, accurate delineation of object
boundaries and are especially well-suited to scenarios where object shape is regular or with
clear boundaries. However, their dependence on initialization, sensitivity to noise, and com-
putational complexity limit their applicability in large-scale biological applications. Moreover,
many models do not extend well in 3D (e.g., snakes) and requires dedicated 3D extensions [86].

These methods are often used as a post-processing to refine coarse object contours from
simpler detection methods (e.g., thresholding), enabling more precise shape analyses.

Parametric and generative models

Some approaches fit predefined parametric shapes (e.g., ellipses, spheres, rectangles) to candi-
date regions using optimization or probabilistic inference. These are particularly effective when
the object shape is known a priori and approximately constant across instances (e.g., nuclei or
vesicles). In more advanced settings, generative models may be used to simulate how the ap-
pearance of objects arises from underlying physical processes, and inverse inference is performed
to estimate object parameters [88–92].

These methods provide precise segmentation of targets as long as a prior shape is known or
can be estimated. Nonetheless, they usually require intensive optimization process that limits
their usage for large scale datasets.

II.1.2.3 Deep Learning

Over the past decade, deep learning has emerged as the state-of-the-art paradigm for object
detection, particularly in contexts where annotated training data is available. These approaches
leverage large neural networks trained end-to-end to learn both feature extraction and object
localization, often achieving superior accuracy compared to classical methods.

Region-based detectors (R-CNN). Region-based Convolutional Neural Networks (R-
CNN) [93] and its successors (Fast R-CNN [94], Faster R-CNN [95]) pioneered the use of deep
learning for object detection. These models operate in two stages: they first generate region
proposals that may contain objects, and then classify and refine bounding boxes for each pro-
posal. While highly accurate, they are often computationally intensive and better suited to
natural images with well-separated objects.

One-stage detectors (YOLO, SSD). Single-stage detectors such as YOLO (You Only Look
Once) [96] and SSD (Single Shot Multibox Detector) [97] streamline the detection pipeline by
directly predicting object classes and bounding boxes. They use a CNN [98] to extract fea-
tures on a low resolution grid, followed by fully connected layers that predict a fixed number
of bounding boxes for each hyper-pixel of the grid. This gives a large (and fixed) number of
predicted bounding boxes with several that may fit the same target. Therefore, Non-Maximum
Suppression (NMS) is used to remove overlapping bounding boxes with the lowest object proba-
bility score. These models are significantly faster and can be deployed in real-time applications.
However, because they predict from low resolution grid, they tend to underperform on small or
overlapping objects, which are common in microscopy images.

Fully convolutional approaches (U-Net). In bioimaging and dense object detection sce-
narios, fully convolutional architectures such as U-Net [99] have become the de facto standard.
U-Net produces pixel-level segmentation maps that can be post-processed into individual de-
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tections via connected components or shape fitting. Several adaptations have been proposed to
improve instance separation:

• StarDist [25] predicts star-convex polygons for each pixel of the image, enabling precise
boundary localization even in crowded scenes. It relies on NMS to remove duplicated
instances.

• CellPose [100] introduces a CNN that learns gradient vector fields pointing toward cell
centers, making it robust across a wide range of cell shapes and modalities.

• OmniPose [101] extends CellPose by incorporating shape-agnostic flow representations,
improving performance on elongated and irregular objects.

• SpotiFlow [102] propose an adaption for point-like objects (particles) in large images. It
detects particle positions as the local minima in the predicted flow field.

Transformer-based models. Vision Transformers (ViTs) [103, 104] and their detection-
specific variants such as DETR (DEtection TRansformer) represent a new direction in ob-
ject detection. These models replace convolutional backbones with self-attention mechanisms,
which can capture long-range dependencies and global context. Although ViTs have demon-
strated impressive results on natural images, their adoption in microscopy remains limited due
to the amount of data required and training complexity.

Discussion. Despite their effectiveness, deep learning-based detectors present several limita-
tions:

• Data dependency: Training high-performing models requires large, accurately anno-
tated datasets, which are often unavailable or expensive to produce in biomedical con-
texts.

• Computational cost: Model training typically demands substantial computational re-
sources (e.g., GPUs), though inference can be fast once the model is trained.

• Domain generalization: Models may fail to generalize across domains or imaging con-
ditions not represented in the training data, requiring domain adaptation or fine-tuning.

Nevertheless, with appropriate datasets and careful design, deep learning-based approaches
currently deliver the most accurate and robust detection performance across a wide variety of
applications in biological imaging.

II.1.3 Linking approaches

II.1.3.1 Graph-based

A first class of linking algorithms solves the tracking problem by formulating it as a graph
optimization problem [62,64,91,105–107]. In this formulation, each detection is represented as
a node in a graph, and a track γi

1:T is represented as a sequence of edges connecting these nodes
over time.

These approaches commonly rely on three main assumptions:
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Figure II.3: Graph-based linking approach. Adapted to the tracking example in Figure II.2.a
(a) A directed acyclic graph G is constructed, where nodes represent detections and edges
represent feasible associations. Node shapes are used for visual clarity. (b) Special nodes for
track birth, death and splitting are added. (c) A sub-graph G′ is selected to minimize the total
cost under structural constraints. A target splitting event occurs at frame 3 for the pentagon-
shaped target. (d) Reconstructed tracks from the G′. Tracks of length one are considered false
positives (in red).

1. 1-to-1 association: Each target generates at most one detection per frame, and each
detection is assigned to at most one track (see Chapter II.1.1).

2. No-gap: Tracks are assumed to be continuously detected; i.e., the track γi
1:T is defined on

the interval
q
ti
b, ti

d
y

without any missed detections. Therefore in this interval, γi
t contains

a single (and unique across tracks) detection index denoted ji
t .

3. Markovian cost: The cost of prolonging a track at time t (see Equation II.10) depends
only on the immediate previous detection, not the full sequence:

c(Zγi
t

t | Zγi
1:t−1) = c(Zγi

t
t | Zγi

t−1) = c(zji
t

t | z
ji

t−1
t−1 ). (II.14)

This last assumption implies that the prolongation cost is shared among all feasible tracks that
include the same pair of consecutive detections, enabling a compact graph representation.

Under these assumptions, all feasible tracks and their associated costs can be represented
in a directed acyclic graph (DAG) G = (V, E) (see Figure II.3.a), where each vertex vj

t ∈ V
corresponds to a detection zj

t ∈ Zt, indexed by frame t ∈ J1, T K and detection index j ∈ J1, MtK.
The total number of vertices is equal to the total number of detections:

|V | =
T∑

t=1
Mt. (II.15)
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Edges are defined between temporally consecutive detections, i.e., for each pair (zj1
t , zj2

t+1),
an edge ej1,j2

t ∈ E is added with cost cj1,j2
t = c(zj2

t+1 | z
j1
t ). This results in a quadratic number

of edges:

|E| =
T −1∑
t=1

MtMt+1. (II.16)

To mitigate computational cost, edges with high cost may be pruned. Nevertheless, the total
number of edges scales at best linearly with the number of frames and targets.

To account for track initiation (birth) and termination (death), artificial source and sink
nodes vb, vd ∈ V are added (see Figure II.3.b). Each detection is connected to the source via a
birth edge with cost cb, and to the sink via a death edge with cost cd. To handle mitosis events
(target splitting), a special source node vs ∈ V may be introduced, with edges to all other nodes
and associated splitting cost cs.

A track γi
1:T ∈ Ω is considered feasible if all its detection-to-detection transitions exist in E.

A track defines a path in the graph and its total cost is:

C(γi
1:T ) = cb + cd +

ti
d−1∑

t=ti
b

c
ji

t ,ji
t+1

t . (II.17)

The linking task (Equation II.8) is reformulated as selecting a subgraph G′ = (V ′, E′), with
V ′ = V and E′ ⊂ E (see Figure II.3.c) that minimizes the sum of selected edge costs while
respecting structural constraints C. It can be written:

arg min
E′⊂E

∑
e

j1,j2
t ∈E′

cj1,j2
t (II.18)

subject to E′ ∈ C (II.19)

The structural constraints C enforce that each detection node is associated to an unique track
(preventing E = ∅), where a track is a path that starts from the birth node and ends in the
death node. The set of tracks Γ⋆

1:T is recovered as the paths in G′ (Figure II.3.d). False positive
detections are usually associated to track of length 1, which are dropped.

Graph-constraints and optimization

The structural constraints for G′ are typically expressed as either flow conservation [91,105] or
as binary edge classification with linear constraints [62,64]. We adopt the latter formulation.

Let y ∈ {0, 1}|E| be a binary vector indicating selected edges:

e ∈ E′ ⇐⇒ ye = 1 (II.20)

where ye corresponds to the indicator value associated to the edge e ∈ E.

A valid subgraph G′ must satisfy the following constraints [62] defined on the binary vector
y:

1. Unique parent: Each detection node v ∈ V \ {vb, vd, vs} has exactly one incoming
edge from another detection node or from vb. By using the convention y(u,v) = 0 when
(u, v) /∈ E, it writes:

y(vb,v) +
∑

u∈V \{vb,vd,vs}
y(u,v) = 1 (II.21)
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2. At most two children: Each detection node u ∈ V \ {vb, vd, vs} has at most two
outgoing edges. If none are selected, the death edge (u, vd) must be selected:

1
2

∑
v∈V \{vb,vd,vs}

y(u,v) ≤ 1− y(u,vd) ≤
∑

v∈V \{vb,vd,vs}
y(u,v) (II.22)

3. Splitting constraint: If a node splits into two children, its incoming edge from vs must
be selected: ∑

v∈V \{vb,vd,vs}
y(u,v) − 1 ≤ y(vs,u) ≤

1
2

∑
v∈V \{vb,vd,vs}

y(u,v). (II.23)

Letting Ay ≤ B represent the above constraints in matrix form, where A is sparse with
6

∑
t Mt rows (two per constraint per detection) and |E| columns, the linking problem becomes

a Mixed Integer Linear Program (MILP):

arg min
y

y⊤c subject to Ay ≤ B, (II.24)

where c ∈ R|E| is the cost vector of the edges.

This MILP can be (approximately) solved using branch-and-cut algorithms [108], imple-
mented in solvers such as HiGHs [109], SCIP [110], or Gurobi [111]. Notably, this graph formu-
lation drastically reduces the search space compared to general linking optimization: instead of
searching in the space of possible track sets P(Ω), it searches in the space of edge subsets P(E),
where |E| ≪ |Ω|.

Specific graph-based approaches

Tracktour [105] is designed for computational efficiency and relies on a user-in-the-loop
paradigm for correcting tracks during post-processing. The edge costs cj1,j2

t are defined as
the Euclidean distance between the centers of mass of the detections:

cj1,j2
t =

∥∥∥zj1
t − zj2

t+1

∥∥∥
2

(II.25)

The optimization problem is formulated as a Mixed Integer Linear Program (MILP) and solved
using Gurobi [111].

Tracktour supports missing detections by allowing merged detections: the structural
constraint enforcing a single parent (Equation II.21) is relaxed to allow up to two parents. This
enables a track to continue after missing detections by merging temporarily with a neighboring
trajectory. However, it relies on the presence of a nearby target and substitutes a missed
detection cost with a double linking cost which is inconsistent from a Bayesian perspective (see
Chapter II.3.2).

ECLIP [91] models detections as ellipses fitted on their contours and trains a Gradient
Boosted Tree (GBT) [112] to predict the cost cj1,j2

t of linking two consecutive ellipses. Op-
timization is again performed using Gurobi.

To address merged detections, ECLIP introduces a hierarchical representation: each de-
tection is decomposed into a set of nested ellipses. Each graph vertex becomes a hyper-vertex
composed of one vertex per ellipse. With additional constraints ensuring non-overlapping ellipse
selection within a hyper-vertex, Gurobi can jointly solve merged detections and tracking.



34 CHAPTER II. MULTIPLE OBJECT TRACKING: STATE OF THE ART

Linajea [62] uses a U-Net [99] trained on ground-truth tracks to predict motion vectors dj
t ∈

Rd for each detection zj
t . To learn targets dynamics, the motion U-Net incorporates a 7-frame

temporal window. The predicted motion vectors estimate the detection’s location in the previous
frame, enabling motion-corrected edge costs:

cj1,j2
t =

∥∥∥zj1
t −

(
zj2

t+1 − dj2
t+1

)∥∥∥
2

(II.26)

In addition, node selection costs are also introduced, proportional to the detection proba-
bility estimated by the detector. The total cost of an edge is the sum of its motion-corrected
distance and the costs of the associated nodes. Gurobi is used to solve the resulting MILP
problem.

Trackastra [64] leverages a Transformer architecture [113] to compute contrastive embeddings
f j
t for each detection. Initial features zj

t encode position, texture, and morphology (e.g., mask
area, mean intensity), and are refined through masked attention over a spatial and temporal
neighborhood. The final embedding f j

t ∈ R256 encodes contextual information across 6 frames.
Association costs are computed using cosine similarity:

cj1,j2
t = −f j1

t

⊤f j2
t+1 (II.27)

Costs are then normalized (see [64]) before being used in a MILP solved by Gurobi (following
Linajea [62]).

MAGIK and BGU-IL-5 [106,107] adopt a Graph Neural Network (GNN) architecture [114]
trained on ground-truth associations to directly predict edge probabilities p ∈ [0, 1]|E|. A ResNet
[115] trained with contrastive learning produces a visual embedding for each detection, which
is concatenated with positional features and passed through the GNN with masked attention.
Final edge probabilities are obtained through a classification head.

Rather than solving the full MILP–using for instance c = − log p as the edge cost–edge selec-
tion is performed via thresholding and a greedy heuristic that prioritizes the highest-probability
edges. In MAGIK, edges connecting detections up to τmax frames apart are added to handle
up to τmax − 1 consecutive missed detections. A greedy algorithm is again used for selecting
non-conflicting edges with minimal gap.

Discussion

Graph-based tracking methods formulate the association problem as a global graph optimization
task, typically modeled as a MILP. These methods usually rest on three key assumptions:

1. 1-to-1 Association: Each target generates at most one detection per frame, and each
detection is associated with at most one track.

2. No-Gap: Targets are continuously detected; missed detections are not explicitly modeled.

3. Markovian Cost: Track continuation costs depend only on local information from ad-
jacent frames, not on the track history.

These assumptions significantly reduce the combinatorial complexity of the tracking prob-
lem, enabling global optimization. However, they impose important limitations:
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1. Scalability: With long sequences (>1000 frames) and many targets (>500), the graph
size can exceed memory capacity, and MILP solving can become intractable. Linajea [62]
addresses this by dividing the video into overlapping spatiotemporal blocks with border
consistency constraints.

2. Merged and Split Detections: The 1-to-1 constraint prevents handling merged or split
detections. For instance, in Figure II.3.d, the circle target generated two detections on
frame 3, requiring to classify one of them as false positive. However, the assumption can be
removed [91, 105, 116, 117] through adequate models: for instance, ECLIP [91] mitigates
this by modeling detections as hierarchical ellipses and allowing constrained sub-detection
selection.

3. Missed Detections: The no-gap assumption causes fragmented tracks when detections
are missed. As shown in Figure II.3.d, missing frame 2 causes the track to fragment.
MAGIK [107] proposes heuristics to solve the gap-closing directly within the graph (Note
that MILP could be used to solve globally the missed detections, but it is rarely done in
practice). Gap-closing can also be solved as a post-processing [27,28,67].

4. False Positives: These are typically handled by discarding short tracks (e.g., of length
one), which is suboptimal from a Bayesian perspective (see Chapter II.3.2), where a specific
costs should be designed for false positives.

5. Markovian Limitations: Ignoring track history leads to suboptimal modeling of target
dynamics. This limitation can be mitigated using deep learning, which may implicitly
capture temporal patterns.

6. Supervised Learning Limitations: Most of these recent methods [62, 64, 91, 106, 107]
rely on supervised learning (in particular to reduce the previous Markovian limitations).
But this requires annotated data which is often not available in practice. Moreover,
linking annotations are designed for ground truth detections. Learning directly on these
detections may not generalize well to noisy, real-world detections. Trackastra [64] and
MAGIK [107] address this by training on predicted detections or simulating detection
noise during training. We also note that some generalization across datasets has been
shown in Trackastra [64].

Despite their limitations, graph-based approaches have demonstrated strong performance
in recent tracking benchmarks. Notably, methods such as Trackastra (EPFL-CH), Track-
tour (MON-AU), and MAGIK (EVIC-ES) achieved competitive results in the Cell Tracking
Challenge’s Cell Linking Benchmark1, highlighting the effectiveness of graph-based formulations
in complex multi-object tracking scenarios.

II.1.3.2 Viterbi Track Linking

Viterbi Track Linking (VTL) extends graph-based tracking approaches by employing dynamic
programming—specifically, the Viterbi algorithm—to iteratively identify optimal paths (tracks)
within a tracking graph. The method was initially introduced by Sage et al. [118] for single-
target tracking in cluttered environments and was later generalized in Baxter [119, 120] to
support multiple targets, merged detections, and events such as target splitting, birth, and
death.

1https://celltrackingchallenge.net/latest-clb-results/

https://celltrackingchallenge.net/latest-clb-results/
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The underlying graph structure used in VTL is a directed acyclic graph (DAG), similar to
the one shown in Figure II.3.b. As in MAGIK [107], additional edges are added to the graph to
link detections up to τmax frames apart, thereby supporting up to τmax − 1 consecutive missed
detections.

Rather than solving a constrained edge classification problem (discussed in Chapter II.1.3.1),
VTL constructs tracks Γ⋆

1:T iteratively. At each iteration, the Viterbi algorithm [121] is used to
identify the minimum-cost feasible path which is then added to the set of tracks Γ⋆

1:T . Initially,
this set is empty. A path (track) is considered feasible if it starts from the birth node, ends
in the death node and includes at most one detection per frame, although shared detections
between tracks are permitted to model merged detections.

Each added track γi
1:T leads to a change in the global tracking cost C, computed as the

difference between the cost of accepting the detections as a track and the cost of treating them
as false positives:

∆C = C(Zγi
1:T )−

∑
z∈Z

γi
1:T

cf(z) (II.28)

The algorithm continues adding tracks as long as ∆C < 0; that is, as long as the global cost is
reduced.

This procedure is a greedy approximation to the global minimum of the linking cost C. Since
tracks are added one at a time, globally suboptimal decisions may be made. To mitigate this
issue, Baxter introduces swap links: a new track can partially overwrite an existing one if
doing so reduces the global cost. In this operation, the former overwritten track is associated
to a new minimal ending path.

Track costs

In Baxter, track costs are derived within a Bayesian framework to approximate the Maximum
a Posteriori (MAP) probability of the tracks Γ⋆

1:T given the detections Z1:T (see Chapter II.3.2).
Let ti

1 < · · · < ti
ni denote the sequence of frames in which track γi appears. For notational

simplicity, we omit the superscript i and denote the associated detections as zjtk
tk

. The total
cost of the track, interpreted as the negative log-posterior, is given by:

C(Zγ1:T ) = − log p(γ1:T | Z1:T ) = cb(zjt1
t1 ) + cd(zjtn

tn
) +

n∑
k=2

c(zjtk
tk
| z

jtk−1
tk−1

) (II.29)

Here, cb and cd denote the costs associated with the birth and death events of the track,
respectively. The birth cost also integrates the probability of spawning from an existing track
(for target splitting). These costs are defined from user-defined priors and may be learned from
annotated data. The summation term represents Markovian transition costs that depend only
on detections from adjacent frames.

In its original formulation, Baxter assumes a Brownian motion model for target dynamics,
resulting in motion costs proportional to the squared Euclidean distance between successive
detections. For false positives, a uniform prior over the image space is used, with a cost cf =
log |W|, where |W| is the total number of pixels in the image.

Discussion

VTL reformulates the tracking problem as a sequence of path-finding tasks on a directed acyclic
graph, solved via dynamic programming. It is based on two key assumptions:
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1. less than 1 detection per target: Each target generates at most one detection per
frame.

2. Markovian Cost: Track continuation costs depend only on local information from ad-
jacent frames, not on the track history.

It offers several advantages over traditional graph-based optimization methods by addressing
some of their limitations (for instance using a Bayesian framework to support false positives
and missed detections). However, VTL remains constrained by a number of assumptions and
practical considerations:

1. Scalability: Similar to MILP-based graph approaches, VTL requires access to the entire
video and graph structure at once, which can be infeasible for long sequences or dense
target populations.

2. Split detections: While VTL supports merged detections via shared nodes, it does not
naturally handle split detections.

3. Markovian Limitations: Ignoring track history leads to suboptimal modeling of target
dynamics. Baxter mitigates this limitation in [120], where a Gaussian Mixture Probabil-
ity Hypothesis Density (GM-PHD) filter is used to first estimate unordered set of target
states X1:T from the detections Z1:T (see Chapter II.3.2) before applying VTL to resolve
associations.

4. Suboptimal global optimization: Because tracks are added greedily and iteratively,
global optimality is not guaranteed. Although Baxter introduces swap links to correct
some of the past errors, this mechanism offers only limited corrections.

Despite these limitations, VTL remains a flexible method for object tracking, particularly
when integrated with more advanced probabilistic models of target behavior.

II.1.3.3 Online linking

Online linking algorithms address the multi-object tracking problem incrementally, frame by
frame, in contrast to the previous offline or batch methods that process the entire video sequence
at once. This strategy avoids the high memory and computational complexity associated with
full sequence optimization. Instead, associations are made between detections in the current
frame and existing track hypotheses, effectively reducing complexity. While this approach sac-
rifices global optimality, it enables the use of complete track histories to improve local decisions,
such as modeling complex target dynamics [27,53,57,63,122–126].

Let Γ1:t denote the set of active tracks up to frame t, with cardinality n(t) = |Γ1:t|, and let
Zt+1 represent the set of Mt+1 detections at time t + 1. The goal is to update Γ1:t to obtain
Γ1:t+1 by associating tracks to detections, initializing new tracks, and pruning unreliable tracks.
The online linking process typically involves the following three steps:

1. Track-to-detection association: For each track γi
1:t ∈ Γ1:t, the algorithm identifies

the most likely corresponding detection(s) in Zt+1 usually using a motion model and cost
minimization. Successfully associated tracks form the subset Γa

t ⊂ Γ1:t, and are extended
with the matched detection(s):

∀γi
1:t ∈ Γa

t , γi
1:t+1 = (γi

1, . . . , γi
t , γi

t+1) ∈ Γ1:t+1 (II.30)
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Figure II.4: Illustration of the online linking process, applied to the tracking scenario from
Figure II.2.a. The algorithm proceeds iteratively, solving the association frame-by-frame under
the 1-to-1 association assumption. Four consecutive frames are shown. (1) At initialization,
two tracks (1 and 2) are created from the first-frame detections. An association step links these
to detections in frame 2. For visualization purposes, a virtual (null) detection is shown for track
1, allowing the possibility of no association; in practice, this is considered for all tracks. (2)
Track 1 is not detected in frame 2 and is propagated with a missing observation (γ1

2 = ∅), while
track 2 is successfully associated. Two new tracks (3 and 4) are initialized from unmatched
detections. (3) Track 2 is no longer associated and is terminated. Track 3 remains unmatched
and is classified as a false positive. Tracks 1 and 4 are correctly propagated. Due to the 1-to-1
constraint, a new track (5) is created to handle the detection split of the circle target. (4)
Track 5 is unmatched and subsequently removed as a false positive. As the pentagon target
undergoes division, track 4 follows one branch, and a new track (7) is created to capture the
emerging target. Another track (6) is initialized from the unmatched detection.

2. Track initialization: Detections in Zt+1 not assigned to any existing track are used to
initialize new tracks. For each unmatched detection index j ∈ Jt+1, a new track γij

1:t+1 is
created, with ij a new track index:

∀j ∈ Jt+1 \
⋃

γi
1:t∈Γa

t

γi
t+1, γij

1:t+1 = (∅, . . . , ∅, {j}) ∈ Γ1:t+1 (II.31)

3. Track pruning: To mitigate the greedy track initialization from the previous frames,
non-associated tracks are classified into two disjoint subsets: false tracks Γf

t and missed
tracks Γm

t , such that:
Γ1:t = Γa

t ∪ Γm
t ∪ Γf

t

False tracks are removed, while missed tracks are updated with a missing observation:

∀γi
1:t ∈ Γm

t , γi
1:t+1 = (γi

1, . . . , γi
t , ∅) ∈ Γ1:t+1 (II.32)

The overall algorithm proceeds iteratively for each new frame, starting from an empty set of
tracks Γ1:0 = ∅. This recursive formulation is summarized in Algorithm 1 and Figure II.4
illustrates how such algorithms work on a small example.
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Algorithm 1 Online Linking Algorithm
Require: Sequence of detection sets {Z1, . . . , ZT }

1: Initialize: Γ1:0 ← ∅
2: for t = 0 to T − 1 do
3: Γa

t ← Associate tracks Γ1:t to detections Zt+1 ▷ Cost modeling & Association
4: for all γi

1:t ∈ Γa
t do

5: Extend track: γi
1:t+1 ← (γi

1:t, γi
t+1)

6: end for
7:
8: Γb

t+1 ← ∅ ▷ Tracks initialization
9: for all non-associated detections zj

t+1 do
10: Create a new track: Γb

t+1 ← Γb
t+1 ∪ (∅, . . . ∅, {j})

11: end for
12:
13: Γm

t , Γf
t ← Classify non-associated tracks Γ1:t \ Γa

t . ▷ Track pruning
14: for all γi

1:t ∈ Γm
t do

15: Extend with missing detection: γi
1:t+1 ← (γi

1:t, ∅)
16: end for
17: Build the updated tracks set: Γ1:t+1 ← Γa

t ∪ Γm
t ∪ Γb

t+1
18: end for
19: return Final track set Γ1:T

Track-to-detection association

The global linking objective introduced in Equation II.8 seeks the set of tracks Γ1:T that min-
imizes the global cost C(Γ1:T , Z1:T ). Online linking methods simplify this optimization by fo-
cusing on a frame-by-frame update: at each step, they minimize the additional cost incurred
when extending Γ1:t to Γ1:t+1. Under the 1-to-1 association assumption and the cost structure
defined in Equation II.10, the cost of associating (prolonging) track γi

1:t with detection zj
t+1 is

denoted Cij = c(zj
t+1 | Zγi

1:t), which is defined by the linking method.

This association task is commonly formulated as a Linear Assignment Problem (LAP).
Formally, we define a bipartite graph G = (U, V, E) where:

• Each track γi
1:t corresponds to a vertex ui ∈ U .

• Each detection zj
t+1 ∈ Zt+1 corresponds to a vertex vj ∈ V .

• Edges E = {(ui, vj)}i,j are weighted by the cost matrix Cij . To ensure computational
tractability, edges with high cost may be pruned, reducing to a overall linear number of
edges with less than k ≪Mt+1 most plausible detection candidates per track.

To handle track initiation and termination, virtual nodes and edges u′
j ∈ U, (u′

j , vj) ∈ E
and v′

i ∈ V, (ui, v′
i) ∈ E are added, representing track births and deaths (or missed detections),

respectively. This leads to an augmented cost matrix Ĉ ∈ R(n(t)+Mt+1)×(n(t)+Mt+1):

Ĉ =

 C Cd

Cb 0

 (II.33)

Here, Cb and Cd are diagonal matrices encoding birth and death costs, with ∞ used for non-
diagonal infeasible assignments.
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Figure II.5: Linear assignment problem (LAP) applied to the first frame of Figure II.4. (a)
A bipartite graph is created with the two tracks in Γ1:1 and the three detections of frame 2.
(b) Virtual tracks (in green) are added to account for target birth and virtual detections (in
red) are added to account for missed detection and target death. (c) LAP is solved to find
the optimal 1-to-1 association between tracks and detections. In this case, the star target is
successfully linked to its detection, the circle target is miss-detected and two new tracks are
created (for the rectangle and pentagon detections).

The resulting LAP seeks a binary assignment matrix Y ∈ {0, 1}|U |×|V | that minimizes total
cost while enforcing 1-to-1 matching:

minimize
∑
i,j

YijĈij

subject to
∑

j

Yij = 1, ∀i

∑
i

Yij = 1, ∀j

(II.34)

This problem can be solved exactly using the Hungarian algorithm [29] or its faster sparse
implementation, the Jonker-Volgenant algorithm [30]. While Mixed Integer Linear Program-
ming (MILP) can also model this, it is generally slower and less efficient for LAP under strict
1-to-1 constraints. To relax these constraints (e.g., to support merging/splitting), heuristic
approaches or MILP formulations are used instead [27,125,126].

Track management

To maintain a robust track set Γ1:t over time, heuristics are commonly employed for handling
missed detections and suppressing false positives.

New tracks are initialized from unmatched detections. However, to prevent false positive
detections from becoming valid tracks, initiated tracks that are unmatched in their first τmin
frames are typically discarded. Values of τmin ∈ {2, 3} are commonly used in practice.

To handle missed detections, tracks that are not associated in the current frame are main-
tained and propagated with empty assignments (γi

t+1 = ∅). These can be re-associated in
subsequent frames. However, tracks missing for too long become ambiguous and prone to error.
Therefore, a maximum allowed gap τmax is set: if a track is unmatched for more than τmax
consecutive frames, it is terminated, and future associations are prohibited by assigning infinite
cost: Cij = ∞. Common values for τmax range from 1 (no gap) up to 10 depending on the
application.
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Specific online approaches

FPT [123] is an online linking algorithm based on a custom distance metric that combines
spatial and intensity-based features. The assignment problem is addressed using an enhanced
greedy optimization strategy. The algorithm begins with a standard greedy solution—selecting
at each step the feasible association with the lowest cost—and then iteratively explores trans-
positions (swaps between assignments) that may further reduce the total cost, until no improve-
ment is possible.

Each segmented detection is represented by a feature vector zj
t =

(
xj

t , yj
t , ij

t , mj
t

)T
, where

(xj
t , yj

t ) denotes the center of mass, ij
t is the total intensity (zero-order moment), and mj

t is the
second-order intensity moment. Given a track γi associated with detection zji

t on frame t, the
cost of linking it to detection zj

t+1 on frame t + 1 is computed as:

Cij = ∥zji
t − zj

t+1∥
2
2 (II.35)

To accommodate missed detections, the algorithm attempt to re-establish links over a tem-
poral window of up to τmax frames (typically between 1 and 10, depending on the dataset).
However, it does not explicitly handle false positive detections (τmin = 1).

Huth et al. [53] use a Kalman filter with a constant velocity model to predict the track’s
position on the next frame. Associations are then computed via a fast approximate nearest-
neighbor search using a kd-tree.

Kalman filtering is detailed in section II.3.1.1 and using the same notations, the track’s
predicted position is given by HFx̂i

t, where F is the transition matrix, H the measurement
matrix, and x̂i

t the estimated state on frame t. The cost matrix is computed as:

Cij =
∥∥∥HFx̂i

t − zj
t+1

∥∥∥
2

(II.36)

An additional parameter τborder
max < τmax is introduced to allow faster track termination near

image borders. Mitosis events are handled as target merging events (backward linking), detected
by Euclidean distance thresholding.

IML (Instantaneous Maximum Likelihood) [57, 127] employs an Interactive Multiple
Model (IMM) framework (detailed in Chapter II.3.1.5), combining three motion models: Brow-
nian (constant position), constant velocity, and constant acceleration. The IMM also models
the intensity and size of each target as random variables following Brownian processes.

The IMM allows the estimation of the likelihood p(z | Zγi
1:t) of the next detection. The cost

matrix is defined to maximize the sum of log-likelihoods as:

Cij = − log p(zj
t+1 | Z

γi
1:t) (II.37)

Greedy nearest-neighbor matching is used instead of solving the LAP exactly: it selects itera-
tively the remaining feasible minimal cost.

u-track [27], and its re-implementation TrackMate [128] in Fiji [51] propose a two-step LAP
framework. Initially, associations are made without support for missed detections (τmax = 1).
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Then, a post-processing step performs tracklet-to-tracklet association, allowing for gap closing,
target splitting, and merging. Jonker-Volgenant algorithm is used to solve both LAPs.

The cost matrix can be defined using:

• Euclidean distance for Brownian motion.

• Motion-corrected distance (using a constant velocity Kalman filter) as in Huth et al. [53].

• Intersection-over-union (IoU) for segmented targets that do not move too quickly.

Virtual edge costs (Cb, Cd) are either user-defined or estimated from the past associations.
Tracks are only created from at least two consecutive detections (τmin = 2).

As missed detections are not supported in this linking, it produces tracklet, i.e. track
segments that should be linked globally into full trajectories. A post-processing tracklet-to-
tracklet LAP is solved to support the following:

1. Gap closing: Tracklets γi1 and γi2 can be joined if the temporal gap satisfies 0 <
ti2
b − ti1

d ≤ τmax. The gap closing-cost is the Euclidean distance between the two tracklets.

2. Target splitting: A starting tracklet γi1 may originate from an existing tracklet γi2 .
The splitting cost is the Euclidean distance corrected with an intensity based factor which
writes:

ρi1,i2 = It−1(γi2)
It(γi1) + It(γi2) (II.38)

where It(γi) is the sum of the pixel intensities in the image It that belongs to track γi.

3. Target merging: An ending tracklet γi1 can merge into another existing tracklet γi2 ,
with Euclidean distance cost corrected with the factor:

ρ′
i1,i2 = It+1(γi2)

It(γi1) + It(γi2) (II.39)

Note. Because the second pass operates on the full sequence, the overall pipeline is not truly
online.

btrack [124] combines a Bayesian framework with a Kalman filter and a CNN for cell-state
classification. Associations are computed using the Jonker-Volgenant algorithm and refined in
post-processing optimization, similarly to u-track.

Each detection zj
t is classified into cell cycle states sj

t (e.g., interphase, metaphase) using a
CNN. A user-defined state transition matrix encodes biologically plausible state progressions.

The posterior probability for associating detection zj
t+1 to track γi can be written:

P(j ∈ γi
t+1 | z

j
t , sj

t , γi
1:t) ∝ p(zj

t+1 | Z
γi

1:t) · p(sj
t+1 | s

i
t) (II.40)

where p(zj
t+1 | Zγi

1:t) is given by a constant velocity Kalman filter and p(sj
t+1 | si

t) is the state
transition probability.

The Bayesian cost matrix is then defined as:

Cij = − logP(j ∈ γi
t+1 | z

j
t , sj

t , γi
1:t) (II.41)
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Caliban [126] extends u-track by learning association costs end-to-end from ground-truth
tracks.

Each detection zj
t is encoded using its 16×16 image patch, centroid position, and handcrafted

(texture and morphology) features. A GNN [114] is used to refine the features spatially into
f j
t ∈ Rd:

(f j
t )j = fgnn(z1

t , . . . , zMt
t ) (II.42)

Then, for each track γi
1:t, an LSTM [49] ingests the past τ = 7 embeddings to encode the

temporal evolution and predict:

f̂ i
t+1 = f lstm(fγi

t , . . . , fγi
t−τ+1) (II.43)

Finally, a pairwise head computes the cost through a fully connected layer:

Cij = fMLP
(
f̂ i
t+1∥f

j
t+1

)
. (II.44)

Associations are then solved using the same two-step LAP strategy from u-track using the
learned cost matrix.

Discussion

The online, frame–by–frame paradigm seeks a locally optimal extension of the current track set
at every time step. Under the 1-to-1 association assumption this update reduces to a Linear
Assignment Problem (LAP), which can be solved exactly in O(N3) time with the Hungarian or
Jonker–Volgenant algorithms. Because only the present frame and a compact track state must
be kept in memory, the approach is computationally light and scales well to long sequences.

A further strength of the online framework is its ability to incorporate explicit motion
models: Kalman filters, Interacting Multiple Models, and related Bayesian predictors exploit
the full measurement history of each track to generate a prior for the future track position
(Chapter II.3.1). In practice this combination of simplicity, efficiency, and model flexibility
has proved highly effective. For example, TrackMate [128] was used as the baseline for the
Cell Tracking Challenge’s Cell Linking Benchmark1 and ranked fourth out of eight competing
methods, outperforming several more elaborate, fully supervised pipelines.

However, two main limitations remains:

• Merged and split detections. The classical 1-to-1 constraint precludes the direct han-
dling of many-to-one (merged) and one-to-many (split) detection events unless additional
heuristics or a second global pass are introduced.

• Local optimality. Decisions are taken one frame at a time; consequently, early associ-
ation errors or false tracks created from spurious detections must be pruned via ad-hoc
rules (e.g. thresholds τmin, τmax). As a result, the final solution is not guaranteed to
minimize the global cost C(Γ1:T , Z1:T ).

II.1.3.4 Multiple-Hypothesis Tracking (MHT)

Multiple-Hypothesis Tracking (MHT) [26, 129–134] is widely regarded as the gold standard
within the tracking-by-detection paradigm. Whereas an online LAP linking commits to a sin-
gle association for every target at each new frame t, MHT delays this decision: every active

1https://celltrackingchallenge.net/latest-clb-results/

https://celltrackingchallenge.net/latest-clb-results/
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Figure II.6: Illustration of the hypothesis trees in MHT, applied to the tracking scenario from
Figure II.2. Hypothesis trees are obtained from frame t = 1 with two confirmed tracks (circle
and star), and generated with a depth τdepth = 2. The 1-to-1 optimal association corresponds to
the selected hypotheses in green. (a) Hypothesis tree for the circle track. With a tree-depth of
2, the association decision is made once the target has re-appeared on frame 3. (b) Hypothesis
tree for the star track. The track is associated to virtual detection as it terminates on frame
3. (c) Track initiation hypotheses, from a virtual track. Two tracks are initiated in frame 2
(rectangle and pentagon). The rectangle track of length one will match with a false positive
hypothesis. The 1-to-1 constraint impose to create a track for the split detection of the circle
target on frame 3.

track is branched into several feasible continuations, referred to as hypotheses. Over successive
frames each hypothesis is itself propagated, yielding a hypothesis trees of depth 1 + τdepth (see
Figure II.6). Because the number of paths grows exponentially, the tree is truncated after at
most τdepth frames, and a global optimization—formulated as a Mixed Integer Linear Program
(MILP)—is solved to select the subset of paths that minimizes the cost C

(
Γ1:t+τdepth , Z1:t+τdepth

)
.

The procedure is then advanced by τstep ≤ τdepth frames and repeated. Setting τstep =
τdepth = T yields the globally optimal solution but is computationally infeasible for realistic
target counts; typical values are τdepth∈ [3, 5] and τstep=1. Online LAP tracking can be regarded
as the special case τdepth = τstep = 1.

Following the notations developed previously, let Γ1:t be the set of confirmed tracks up to
frame t. For a look-ahead horizon τ , the set of feasible tracks given Γ1:t is denoted

Ω(t + τ | Γ1:t) =
{
γ1:t+τ ∈ Ω(t + τ) : γ1:t ∈ Γ1:t ∪ {(∅, . . . , ∅)}

}
,

where the all-empty prefix represents a newly-born track between t+1 and t+τ .

At every iteration MHT solves:

Γ⋆
1:t+τdepth ∈ arg min

Γ1:t+τdepth ⊂Ω(t+τdepth|Γ⋆
1:t)
C

(
Γ1:t+τdepth , Z1:t+τdepth

)
(II.45)
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To increase the maximal tree depth τdepth feasible with given hardware constraints, it is
common to only consider a subset of hypotheses Ht(τ) ⊂ Ω(t + τdepth | Γ⋆

1:t), typically assuming
a 1-to-1 association, and only considering associations with a cost lower than a used-defined
threshold [26,130,132,133].

The overall MHT procedure, outlined in Algorithm 2, is divided into two stages. (1) Hy-
pothesis generation: a branching stage enumerates candidate prolongations Ht(τ) and there-
fore explores the feasible set of tracks Ω(t + τ | Γ1:t). (2) Cost minimization: a MILP solver
chooses, among these candidates, the subset of tracks that minimizes the objective in Equation
(II.45). The following sections describe these two components in detail.

Algorithm 2 Multiple-Hypothesis Tracking
Require: Detection sequence {Z1, . . . , ZT }, depth τdepth ≤ T , step τstep ≤ τdepth, cost threshold cmax.
1: Initialize: Γ⋆

1:0 ← ∅, t← 0
2:
3: while t < T do ▷ — Hypothesis generation —
4: Ht(0)← Γ⋆

1:t
5: for τ = 0 to τdepth − 1 do
6: Ht(τ + 1)← ∅
7: for all γ ∈ Ht(τ) do
8: for all z ∈ Zt+τ+1 do
9: if c(z | Zγ) ≤ cmax then

10: Ht(τ + 1)← Ht(τ + 1) ∪
(
γ, {z}

)
11: end if
12: end for
13: Ht(τ + 1)← Ht(τ + 1) ∪

(
γ, ∅

)
14: end for
15: for all z ∈ Zt+τ+1 do
16: Ht(τ + 1)← Ht(τ + 1) ∪

(
∅, . . . , ∅, {z}

)
17: end for
18: end for
19: ▷ — Global optimization (MILP) —
20: Build cost vector c and constraint matrix A from Ht(τdepth)
21: y⋆ ← MILP_solve(min y⊤c s.t. A⊤y = 1)
22: ▷ — Advance window —
23: Γ⋆

1:t+τstep
← {γk

1:τstep
| γk ∈ Ht(τdepth) and y⋆

k = 1}
24: t← t + τstep
25: end while
26: return Γ⋆

1:T

Hypothesis Generation

Given current tracks Γ1:t, hypotheses Ht(τ) ⊂ Ω(t + τ | Γ1:t) are generated recursively to depth
τdepth:

Ht(0) = Γ1:t, Ht(τ + 1) = G
(
Ht(τ)

)
, τ = 0, . . . , τdepth − 1, (II.46)

where G applies three branching rules:

1. Association: For every γ1:t+τ ∈ Ht(τ) and feasible detection zj
t+τ+1, a prolongation

hypothesis is generated:

c
(
zj

t+τ+1
∣∣ Zγ1:t+τ

)
≤ cmax =⇒ (γ1:t+τ , {j}) ∈ Ht(τ + 1).



46 CHAPTER II. MULTIPLE OBJECT TRACKING: STATE OF THE ART

2. Miss/death: For each γ1:t+τ ∈ Ht(τ), its empty prolongation is added:

(γ1:t+τ , ∅) ∈ Ht(τ + 1).

3. Birth. For every detection zj
t+τ+1 a track birth hypothesis is generated. This is illustrated

in Figure II.6.c:
(∅, . . . , ∅, {j}) ∈ Ht(τ + 1).

Here, the user-defined threshold cmax prevents the number of hypotheses to grow to quickly.
Still, with around p feasible detections per hypothesis, the tree size grows roughly as N(p+1)τ ;
hence τdepth is kept small (3 to 5 in practice).

Cost minimization

The optimization aims to find Γ⋆
1:t+τdepth

⊂ Ht(τdepth) that minimizes C(Γ1:t+τdepth , Z1:t+τdepth).
The cost C is decoupled into a per track cost C and false positive costs cf following Equation II.10.

Each track hypothesis γi
1:t+τdepth

∈ Ht(τdepth) comes with a track cost C(Zγi
t+τdepth ). To

account for false positive detections, false positive hypotheses are added, such that for each
detection zj

t , a false hypothesis γj
t+τdepth = (∅, . . . , ∅, {j}, ∅, . . . , ∅) is added to Ht(τdepth), and

associated to a cost cf(zj
t ).

Formally, let n = |Ht(τdepth)| be the number of hypotheses considered and m = |Γ⋆
1:t| +∑τdepth

τ=1 Mt+τ , the number of confirmed tracks and following detections in the look-ahead horizon
τdepth. A binary vector y ∈ {0, 1}n defines a subset of selected tracks Γ1:t+τdepth ⊂ Ht(τdepth).
The selected tracks generate a cost C(Γ1:t+τdepth) = yTc, where c ∈ Rn is the cost vector
associated with each hypothesis. Finally, a binary matrix A ∈ {0, 1}n×m is defined such that
Akl indicates that the kth hypothesis is using the lth track or detection. The final optimization
problem can then be written as:

minimize yTc
subject to ATy = 1, y ∈ {0, 1}n

(II.47)

where ATy = 1 is the 1-to-1 association constraint.

Problem (II.47) is a multidimensional LAP and hence a MILP. It is typically solved approx-
imately with branch-and-cut algorithm [108], using solvers such as HiGHs [109], SCIP [110], or
Gurobi [111].

Specific MHT approaches

eMHT [26] extends Reid’s original Bayesian formulation [130] and is distributed within the
Icy platform [50]. Births and false positives are modeled with Poisson priors, while missed
detections are handled by a two-state hidden Markov chain that allows every track to enter a
"non-perceivable" state. Target motion is predicted via an Interacting Multiple-Model (IMM)
filter combining Brownian and constant-velocity dynamics. Track costs are the negative log
posterior

C(Γ1:T , Z1:T ) = −log
[
P

(
Γ1:T

)
P

(
Z1:T | Γ1:T

)]
,

so minimizing the total cost maximizes the joint posterior. The resulting MILP is solved with
a custom branch-and-cut implementation.
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MAP [132] replaces the online LAP of IML [57] with an MHT optimization while retaining
the same IMM predictor. Probabilistic, ad-hoc costs are added for false positives and missed
detections. Finally, it proposes to add target splitting and merging hypotheses with specific
costs. The method therefore supports cell mitosis. Optimization is carried out with Gurobi [111].

HCRM [133] augments MAP by learning motion likelihoods from annotated data instead
of using an IMM. For each hypothetical track γ1:t+τ ∈ Ht(τ), a sequence of spatio-temporal
features (f i

t−S+1, . . . , f i
t+τ ) is extracted, where each f i

k concatenates the detection coordinates
and handcrafted kinematic cues (e.g. instantaneous displacement and angle).

A CNN [98] processes this sequence and outputs a data-driven cost (learned on the annotated
dataset) for the whole hypothesis, which is then fed to the same MILP solver as in MAP.

BiologicalNeeds [134] builds on EmbedTrack [63]. A CNN trained on pairs of frames
jointly predicts detections and per-detection backward motion vectors dj

t ∈ Rd. Positional and
motion uncertainties Σz,j

t and Σd,j
t are estimated via test-time augmentations.

The likelihood of associating detection zj
t to track i is

p
(
zj

t | Zγi
1:t−1

)
= N

(
zj

t + dj
t ; xi

t−1, Σi
t−1 + Σd,j

t

)
, (II.48)

where xi
t−1 and Σi

t−1 corresponds to the position and positional uncertainty of the last associated
detections in track i.

This replaces the conventional Bayesian motion model in MHT. The final costs incorporates
Bayesian priors on the different events (Poisson for births and false positives, Bernoulli for
miss-detected track and death). Additional target splitting hypothesis are generated for mitosis
events.

Unlike the Track-Oriented MHT (TO-MHT) framework detailed in this Section, this method
adopts the Hypothesis-Oriented MHT (HO-MHT) approach. Instead of maintaining separate
hypothesis trees per track, HO-MHT constructs a single global hypothesis tree, where each node
represents a complete and feasible set of associations for a given frame. At each time step, new
global hypotheses are generated using Murty’s algorithm [135,136], which efficiently enumerates
the top Amax best-scoring assignment solutions. To manage computational complexity, the
hypothesis tree is pruned based on ad-hoc criteria, retaining only the most promising global
hypotheses at each iteration.

Discussion

MHT generalizes online (LAP) algorithms by delaying association decisions for τdepth frames,
therefore achieving a superior global consistency.

All approaches reviewed here adopt the 1-to-1 association assumption, and therefore do not
handle merged or split detections; however, extensions for explicit target splitting and merging
have been incorporated into MAP, HCRM and BiologicalNeeds.

A practical limitation of MHT is the exponential growth of the hypothesis tree: depths
beyond 3–5 frames quickly become intractable for moderate target counts. For biological appli-
cations where targets may vanish for tens of frames (e.g. silent Hydra neurons), post-processing
can be used to bridge larger gaps (Chapter VI).
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II.2 Tracking-By-Regression
Tracking-by-regression refers to a family of approaches that directly estimate the state of targets
Xt+1 in the next frame given their previous states Xt. Unlike the tracking-by-detection paradigm
(see Chapter II.1), which decouples detection and linking, these methods tightly couple the
prediction of object locations with their spatial and temporal continuity. In this framework, the
detection step is implicitly solved through motion estimation.

This paradigm has traditionally been favored in scenarios where the number of objects is
known and fixed, and where ground-truth annotations (usually in the first frame) serve as
initialization. The task then reduces to propagating object states over time. Recent advances
in deep learning have enabled more general usage, where the number of objects is variable and
motion models are learned from data.

In the following, we review several representative approaches, from early model-based meth-
ods to recent deep-learning solutions. In this thesis, we chose not to use the tracking-by-
regression paradigm because of its lack of versatility in many biological applications. Nonethe-
less, some of its ideas—such as the use of optical flow or deep motion models—can be integrated
as priors into tracking-by-detection algorithms.

II.2.1 Active Contours and Deformable Models (Snakes)

Active contour models, or snakes, were among the earliest attempts to perform object tracking
by regression. These models evolve an initialized contour around an object to match object
boundaries, typically by minimizing an energy functional combining edge and smoothness con-
straints. Initially developed for refining a coarse segmentation [78] (see Chapter II.1.2.2), they
can be extended for tracking, using the contours of the previous frame as initialization.

Zimmer et al. [85] extended active contour models based on Mumford–Shah functional [84,87]
to the multi-object tracking setting to prevent contours merging in crowded scenarios. Dufour
et al. [86] further extended this work to 3D volumes by using deformable meshes and integrating
a detection module for object initialization. When detections in a new frame do not overlap
existing contours, new contours are instantiated.

Discussion. While effective for isolated and slowly moving objects, these methods struggle to
track a varying number of targets, especially in the presence of object interactions or topolog-
ical changes (e.g., splitting or merging) and by construction, struggle to optimize the contour
of a target with no overlap between consecutive frames. They also typically require careful
initialization and parameter tuning.

II.2.2 Optical Flow-Based Tracking

Optical flow estimates the apparent pixel-wise motion between two consecutive images, allowing
any point in the image to be propagated across time. It is widely used in biomechanical
displacement analysis [137–139], medical image registration [140], and keypoint tracking [141].

The classical variational formulation seeks a displacement field Φ⋆ : Rd → Rd such that:

I1(w) ≈ I2(w + Φ⋆(w)), (II.49)

assuming brightness consistency. This leads to a constrained minimization problem:

Φ⋆ = arg min
Φ
∥∇I2 ·Φ + I2 − I1∥+ R(Φ), (II.50)
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where R(Φ) is a regularization term encoding smoothness or other priors.

Horn and Schunck [142] proposed the original variational approach using L2 smoothness.
Later improvements such as TV-L1 [143, 144] allow for sharper flow discontinuities at object
boundaries. To handle larger displacements, pyramidal coarse-to-fine strategies are typically
employed [145,146].

Recent deep learning approaches, such as RAFT [147], formulate flow estimation as a su-
pervised learning problem. Alternatively, unsupervised methods like VoxelMorph [140] learn to
register image pairs by minimizing similarity and regularization terms without requiring ground
truth flows, typically minimizing the same energy defined by Horn and Schunck.

Discussion. Once computed, optical flow can be used to propagate initialized keypoints across
frames. However, this process accumulates errors over time and therefore is less suited for long-
term tracking with occlusions or object interactions. Still, they can serve as a valuable motion
prior in detection-based linking frameworks [62,148].

II.2.3 Feature-Based Registration

Feature-based registration approaches aim to track objects by registering an appearance tem-
plate across frames. These are widely used in single-object tracking (SOT) and visual object
tracking (VOT) tasks. A typical example is cross-correlation tracking, as in [149], where a
filter is learned to maximize correlation between the template and the target region. Siamese
networks such as SiamFC [150] extend this idea to deep features, achieving better invariance to
appearance changes.

Multiple improvements have been proposed, including region proposal networks (RPNs) [151]
and scale-adaptive architectures [152], allowing tracking of objects undergoing large displace-
ments or size changes.

In the biological domain, ZephIR [153] uses a registration-based approach to track neu-
rons in Caenorhabditis elegans. Given annotations in reference frames, target positions are
propagated by optimizing a composite loss based on cross-correlation, motion smoothness, and
elastic deformation. Although framed as semi-supervised, ZephIR does not involve learning
across sequences, but rather performs instance-level optimization.

Discussion. These methods have had limited application in bioimage analysis, largely because
biological structures often lack distinctive visual features. Additionally, they typically require
a fixed number of targets that are annotated in some reference frames (usually the first frame).

II.2.4 Deep Regression for Multi-Object Tracking

Recent deep learning methods have extended regression-based tracking to multi-object scenar-
ios. Tracktor [154] augments a Faster-RCNN detector by reusing the previous frame’s object
detections as region proposals for the current frame. The regressor is then applied to refine
these proposals, effectively integrating detection and motion modeling.

Transformer-based models such as TrackFormer [60], MOTR [155], and MOTRv3 [156] go
further by representing object tracks as query tokens in a transformer architecture. These
tokens are updated over time, and the model jointly learns to detect new targets, propagate or
terminate existing ones end-to-end. Such models can accommodate varying numbers of targets.
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xt-1 xt xt+1

zt-1 zt zt+1

p(xt | xt-1)

p(zt-1 | xt-1) p(zt | xt) p(zt+1 | xt+1)

p(xt+1 | xt)

Figure II.7: Hidden Markov Model (HMM) for track states. The state xt ∈ Rdx follows a
Markov process model that describe the next state given the previous one. A measurement
zt ∈ Rdz is generated following the measurement model given the current state xt. Bayesian
filtering/smoothing aims at estimating the states while observing only noisy measurements
Z1:T = (z1, . . . , zT ).

Discussion. Despite their potential, these methods have seen limited adoption in bioimage
analysis. Biological objects often exhibit subtle visual differences and highly variable dynamics,
making it harder to generalize from the limited training data available. Moreover, these models
require large annotated datasets and significant computational resources for training.

II.3 Bayesian Framework

This section introduces the Bayesian formulation of multiple-object tracking (MOT). We begin
with classical state–space filtering for a single target and then extend the formalism to the
multi-target case, motivating the tracking-by-detection paradigm and detailing probabilistic
cost functions used in in Chapter II.1.

II.3.1 Single-Target State–Space Filtering

When there is just a single target to track, the association is solved: measurements always
correspond to this single target at play. Therefore, tracking reduces to a state estimation
problem from noisy measurements (with some missing and spurious measurements). In this
section, we detail state-space (Bayesian) filtering that addresses the online estimation of an
unobserved state vector xt ∈ Rdx from a stream of noisy measurements zt ∈ Rdz . It also
predicts the distribution of the future measurement, allowing to build probabilistic association
costs, widely used in online linking and MHT linking algorithms. We will also quickly review
Bayesian smoothing that solves an offline state estimation of the state xt given all the previous
and future measurements Z1:T . In a tracking-by-detection framework, smoothing is used as a
tracking post-processing to improve track estimations once the associations are resolved. The
temporal index t is discrete with unit step (t 7→ t + 1); extension to irregular sampling is
straightforward but not required for the present discussion.
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Hidden Markov model. The system is modeled as a first-order Hidden Markov Model
(HMM) (Figure II.7):

xt | xt−1 ∼ p(xt | xt−1) [process model] (II.51)
zt | xt ∼ p(zt | xt) [measurement model] (II.52)

where the process and measurement distributions are known (or can be approximated).

Given an initial prior x0 ∼ p(x0), the aim is to compute, for every frame t, the filtering
distribution p(xt | Z1:t), where Z1:t = (z1, . . . , zt).

Bayesian recursion. Bayesian filtering proceeds recursively via three steps.

1. Prediction. Propagate the previous posterior through the process model to obtain the
prior at time t:

p(xt | Z1:t−1) =
∫

p(xt | xt−1) p(xt−1 | Z1:t−1) dxt−1. (II.53)

2. Projection. Project this prior into the measurement space to obtain the future measure-
ment distribution:

p(zt | Z1:t−1) =
∫

p(zt | xt) p(xt | Z1:t−1) dxt. (II.54)

3. Update. Upon observing zt, the prior is updated to the posterior using Bayes’ rule:

p(xt | Z1:t) = p(zt | xt) p(xt | Z1:t−1)
p(zt | Z1:t−1) . (II.55)

If no measurement is available (e.g., a missed detection) the update step is skipped and
the prior becomes the next posterior. When spurious detections are a possibility, a gate
on the likelihood p(zt | Z1:t−1) is used to reject an unlikely measurement and treat it as
missed.

Equations (II.53)–(II.55) are intractable in the general case. Practical solutions require
additional assumptions and approximations: for linear and Gaussian models (II.51)–(II.52),
Kalman filtering [157, 158] gives a close forms to the Bayesian recursion. Extended Kalman,
Unscented Kalman or particle filters [159–161] approximate the distributions numerically for
more general models.

II.3.1.1 Kalman filtering

When both the process and the measurement models are linear and all random disturbances
are Gaussian, the Bayesian recursion admits a closed-form analytical solution—the Kalman
filter [157,158,162]. Specifically, let the state–space model be:

xt = Fxt−1 + ϵmov
t ϵmov

t ∼ N
(
0, Q

)
[process] (II.56)

zt = Hxt + ϵdet
t ϵdet

t ∼ N
(
0, R

)
[measurement] (II.57)

with F ∈ Rdx×dx the process (or state-transition) matrix and H ∈ Rdz×dx the measurement
matrix. And ϵmov

t (resp. ϵdet
t ) is the process (resp. measurement) random noise vector, which

follows independent Gaussian distributions with zero-mean and covariance matrix Q (resp. R).
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Let x̂t and P̂t denote the mean and the covariance of the filtering distribution. Assuming a
Gaussian prior x0 ∼ N (x̂0, P̂0), the filtering distribution remains Gaussian for all t and can be
computed recursively:

xt|Z1:t−1 ∼ N (Fx̂t−1, FP̂t−1FT + Q)
∼ N (x̄t, P̄t)

[prediction] (II.58)

zt|Z1:t−1 ∼ N (Hx̄t, HP̄tHT + Q)
∼ N (z̄t, S̄t)

[projection] (II.59)

xt|Z1:t ∼ N (x̄t + Kt(zt − z̄t), P̄t −KtS̄tKT
t )

∼ N (x̂t, P̂t)
[update] (II.60)

where Kt = P̄tHTS̄−1
t is the Kalman gain.

II.3.1.2 Biological Modeling Example

Before exploring more complex filtering approaches, we first illustrate classical biological track-
ing models employing the Kalman filter (KF). For these examples, we assume a two dimensional
tracking problem (d = 2), that aims to estimate the position (xt, yt) of a target over time. Ex-
tensions to three dimensions are straightforward, requiring only the inclusion of an additional
spatial dimensions zt.

In a tracking-by-detection framework, each detection vector zt provides a noisy measurement
of the true target position at time t. Typically, this is modeled as:

zt =
(
xt yt

)T
+ ϵdet

t , ϵdet
t ∼ N (0, σ2

detId), (II.61)

where σdet encodes prior knowledge about the localization errors of the detection algorithm.
Here, measurement errors are assumed isotropic and uncorrelated, although a general covari-
ance matrix R may also be employed. Given the linearity and Gaussian assumptions of this
measurement model, it naturally fits within the Kalman filtering framework.

We now review several widely used motion models in biological contexts.

Brownian Motion

On subcellular scales, the dynamics of macromolecules, vesicles, viruses, and small organelles
are predominantly influenced by thermal fluctuations and viscous drag. These factors make
Brownian motion—a Gaussian random walk—an appropriate modeling choice. At larger scales
(e.g., cells or small organisms), despite smoother dynamics, low frame-rate imaging (due to
microscope constraints, image quality constraints or even data management) often results in
incremental target displacements being effectively random. In these scenarios, Brownian motion
remains useful, especially when directed forces (chemotaxis, fluid flows) are negligible or absent.

With xt = (xt, yt) representing the target’s position, Brownian motion can be expressed as:

xt = xt−1 + ϵmov
t , ϵmov

t ∼ N (0, σ2
movId), (II.62)

where the parameter σmov controls the diffusivity. This process is linear and Gaussian, thus
pairing neatly with the measurement model in Equation (II.61), allowing the use of Kalman
filters. Here, the process and measurement matrices simplify to identity matrices, i.e., F =
H = Id.
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The Kalman filter, in this case, effectively provides a denoised position estimate and predic-
tion of future measurements. Specifically, the predicted measurement at the next time point is a
weighted moving average of previous measurements, where the weights depends on the Kalman
gain Kt:

z̄t+1 = HFx̂t = x̂t (II.63)
= Ktzt + (1−Kt)z̄t (II.64)

Higher-Order Motion Models

For larger biological objects (cells, small organisms) or smaller targets driven by external forces
(fluid flow, tissue deformation), motion can exhibit more structure, allowing the use of higher-
order motion models that incorporate velocity and acceleration.

For instance, in a constant velocity model [27, 53, 162], the state is extended to xt =
(xt, ẋt, yt, ẏt)T, assuming constant velocity between frames, perturbed by Gaussian noise. The
corresponding linear Gaussian process model is given by the process matrices [162]:

F =


1 dt 0 0
0 1 0 0
0 0 1 dt

0 0 0 1

 and Q = σ2
mov


dt4

4
dt3

2 0 0
dt3

2 dt2 0 0
0 0 dt4

4
dt3

2

0 0 dt3

2 dt2

 (II.65)

Similarly, for a constant acceleration model [122,162], acceleration terms (ẍt, ÿt) are included,
resulting in a six-dimensional state with a corresponding process matrix F and covariance matrix
Q provided by:

F =



1 dt dt2

2 0 0 0
0 1 dt 0 0 0
0 0 1 0 0 0
0 0 0 1 dt dt2

2

0 0 0 0 1 dt

0 0 0 0 0 1


and Q = σ2

mov



dt6

36
dt5

12
dt4

6 0 0 0
dt5

12
dt4

4
dt3

2 0 0 0
dt4

6
dt3

2 dt2 0 0 0
0 0 0 dt6

36
dt5

12
dt4

6

0 0 0 dt5

12
dt4

4
dt3

2

0 0 0 dt4

6
dt3

2 dt2


(II.66)

In both these cases, past measurements z1:t are used to estimate a state xt (position and
higher order dynamics), which is used to predict the future position of the target (xt+1, yt+1).
When the near constant velocity (or acceleration) is verified, the predicted position is much
more precise that the one from a Brownian Kalman filter.

Modeling Additional Features

Bayesian filtering can also incorporate the evolution of target attributes beyond position, such
as shape or average intensity [57, 123]. Typically, these attributes evolve independently from
position dynamics and can be modeled using Brownian or constant-velocity assumptions.

II.3.1.3 Non-linear filtering

When either the process model or the measurement model is non-linear, the standard Kalman
filter is no longer applicable. In such cases, non-linear extensions like the Extended Kalman
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Filter (EKF) [159] and the Unscented Kalman Filter (UKF) [160] are commonly used. These
methods aim to approximate the Bayesian filtering equations under non-linear dynamics. The
EKF linearizes the models locally via a first-order Taylor expansion, while the UKF relies on
deterministic sampling (unscented transform) to better capture non-linearities in the mean and
covariance.

Despite their theoretical relevance, non-linear Kalman filters are rarely used in biological
tracking because both the motion (e.g., Brownian or directed motion) and the measurement
processes (e.g., center of mass localization) are linear models.

A typical example of a non-linear measurement model would be the measurement of a bearing
and range in polar coordinates: zt = (θt, rt), where θt = arctan(yt/xt) and rt =

√
x2

t + y2
t .

Such models appear in radar tracking or robotics but are uncommon in microscopy, where
measurements usually consist of pixel-localized intensities in Cartesian coordinates.

II.3.1.4 Particle filtering

Particle filtering [161,163,164], also known as Sequential Monte Carlo (SMC) methods, is a pow-
erful family of algorithms for approximating the filtering distribution p(xt | Z1:t) in state-space
models, especially when neither the process nor the measurement models are linear or Gaus-
sian. Unlike Kalman filters, which represent the state distribution by its mean and covariance,
particle filters use a set of weighted samples (particles) to approximate arbitrary probability
distributions.

Each particle represents a hypothetical state, propagated through a stochastic process model.
Upon receiving a new measurement, the particles are re-weighted according to their likelihood
under the measurement model. A resampling step is typically performed to prevent degeneracy,
where most particles have negligible weight.

Particle filters are particularly advantageous in scenarios with:

• Non-linear and/or non-Gaussian dynamics.

• Non-symmetric or multi-modal state distribution.

Despite their flexibility, particle filters are rarely used in biological tracking applications.
This is primarily because in biology both motion and measurement models are well-approximated
by linear-Gaussian models, for which Kalman filters provide a faster and analytically tractable
solution. Additionally, it has a much higher computational cost that scales poorly with the
state dimension and the number of tracked targets.

Nonetheless, several studies have demonstrated that particle filters could model the image
generation process, where the measurement is directly the image It itself. It therefore enables
tracking without the need for a prior and decoupled detection step [58, 165, 166]. We also note
that with linear and Gaussian models, particle filters are useful to track at once multiple targets
with a single multi-modal state, where each mode corresponds to a target, this will be developed
in Chapter II.3.2.

II.3.1.5 Interactive Multiple Models (IMM)

As described in Chapter II.3.1.2, biological targets may exhibit different motion patterns de-
pending on their type, location, or time-dependent behavior. While a single motion model (e.g.,
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Brownian or constant velocity) may suffice for certain conditions, several limitations arise in
practical applications:

1. Different targets in the same video may experience distinct motion regimes, due to spatial
heterogeneity in the force field (e.g., tissue deformation, local fluid flow).

2. A single target may switch between different motion regimes during its lifespan, such as
transitioning from random diffusion to directed motion under active transport.

3. For non-expert users, selecting a suitable motion model a priori can be difficult or even
impossible without domain knowledge.

The Interactive Multiple Model (IMM) [167] filter addresses these challenges by combining
multiple motion models in a probabilistic framework. Instead of committing to a single model,
IMM maintains a set of K candidate motion models M(k) (e.g., Brownian, constant velocity,
accelerated), each associated with its own Kalman filter. The IMM recursively estimates the
state xt and its model probabilities µ

(k)
t using a mixture of filters.

IMM formulation. Let each model Mk define:

• A process model: xt = F(k)xt−1 + ϵ
mov,(k)
t , with ϵ

mov,(k)
t ∼ N (0, Q(k)).

• A measurement model: zt = H(k)xt + ϵ
det,(k)
t , with ϵ

det,(k)
t ∼ N (0, R(k)).

Let µ̂
(k)
t = P(M(k)

t |Z1:t) denote the posterior filtering probability of model k being active at
time t, the IMM recursively estimates the state mean x̂t and its covariance P̂t as follows:

1. Mixing (Interaction): Given model probabilities µ̂
(j)
t−1 and a Markovian transition matrix

π ∈ RK×K , where πkj = P(M(k)
t | M(j)

t−1), compute the mixed initial condition for each model:

µ̃
(k|j)
t−1 =

πkjµ̂
(j)
t−1∑K

i=1 πkiµ̂
(i)
t−1

(II.67)

x̃(k)
t−1 =

K∑
j=1

µ̃
(k|j)
t−1 x̂(j)

t−1 (II.68)

P̃(k)
t−1 =

K∑
j=1

µ̃
(k|j)
t−1

[
P̂(j)

t−1 + (x̂(j)
t−1 − x̃(k)

t−1)(x̂(j)
t−1 − x̃(k)

t−1)T
]

(II.69)

2. Model-specific filtering: Run a standard Kalman filter predict, project and update for
each model M(k) using the mixed state (x̃(k)

t−1, P̃(k)
t−1) as the previous posterior:

x̄(k)
t = F(k)x̃(k)

t−1 P̄(k)
t = F(k)P̃(k)

t−1F(k)T + Q(k) [prediction] (II.70)

z̄(k)
t = H(k)x̄(k)

t S̄(k)
t = H(k)P̄(k)

t H(k)T + R(k) [projection] (II.71)

x̂(k)
t = x̄(k)

t + K(k)
t (zt − z̄(k)

t ) P̂(k)
t = P̄(k)

t −K(k)
t S̄(k)

t K(k)
t

T
[update] (II.72)
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3. Model likelihood and update: Compute the likelihood of the measurement zt under
each model:

Λ(k)
t = p(zt | M(k)

t , Z1:t−1) = N (zt; z̄(k)
t , S̄(k)

t ) (II.73)

Update the model probabilities via Bayes’ rule:

µ̂
(k)
t =

Λ(k)
t

∑K
j=1 πkjµ̂

(j)
t−1∑K

i=1 Λ(i)
t

∑K
j=1 πijµ̂

(j)
t−1

(II.74)

4. State fusion: Compute the final state estimate as the weighted mixture of the model-
specific estimates:

x̂t =
K∑

k=1
µ

(k)
t x̂(k)

t (II.75)

P̂t =
K∑

k=1
µ

(k)
t

[
P̂(k)

t + (x̂(k)
t − x̂t)(x̂(k)

t − x̂t)T
]

(II.76)

Discussion. IMM enables flexible, adaptive tracking without requiring manual model selec-
tion. It is particularly useful when different targets (or a single target across time) exhibit
distinct types of motion. For instance, in microscopy data, vesicles may switch between diffu-
sive wandering and active transport. By combining a Brownian and constant-velocity model,
IMM automatically adjusts its estimates based on observed dynamics.

IMM has been successfully applied in biological tracking applications such as IML [57,
127], eMHT [26] and MAP [132], where multiple models are used to capture the diversity of
intracellular motion patterns. Despite slightly increased computational complexity (running K
filters instead of one), IMM remains tractable and interpretable, making it a practical extension
of Kalman filtering in real-world scenarios.

II.3.1.6 State-Space Smoothing

Bayesian filtering, as discussed in Chapter II.3.1, provides an online estimate of the hidden state
xt based only on the sequence of measurements up to time t, yielding the filtering distribution:

p(xt | Z1:t). (II.77)

This is well suited for online linking algorithms, where decisions are made in real time. However,
in many tracking applications—particularly offline settings—the full sequence of measurements
Z1:T is available, and the goal is to estimate the state xt using all observations across time.
This leads to the smoothing distribution:

p(xt | Z1:T ), (II.78)

which is expected to be more accurate than the filtering estimate, especially in the presence of
ambiguous, noisy, or missing observations.

Bayesian smoothing. The general Bayesian smoothing recursion can be derived from the
filtering distributions p(xt | Z1:t) using a backward recursion. First, one can observe that the
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filtering and smoothing distribution are equals for t = T . Then, for t = T − 1, . . . , 1, the
smoothing distribution is obtained via the integral:

p(xt | Z1:T ) =
∫

p(xt | xt+1, Z1:t) p(xt+1 | Z1:T ) dxt+1. (II.79)

where the conditional term p(xt | xt+1, Z1:T ) can be expressed using Bayes’ rule and the Markov
property:

p(xt | xt+1, Z1:T ) = p(xt | xt+1, Z1:t) = p(xt+1 | xt) p(xt | Z1:t)
p(xt+1 | Z1:t)

, (II.80)

allowing Equation (II.79) to be written entirely in terms of the process model and the filtering
estimates.

Intractability. In general, the integral in Eq. (II.79) is not analytically tractable, especially
in nonlinear or non-Gaussian systems. In such cases, numerical approximations (e.g., particle
smoothing, extended Kalman smoothing) are needed.

However, in the case of linear and Gaussian state-space models (as assumed in the Kalman
filter), the smoothing recursion admits a closed-form solution: the Rauch–Tung–Striebel (RTS)
smoother [168].

Rauch–Tung–Striebel (RTS) Smoother

Let x̂t and P̂t denote the filtering mean and covariance obtained from the Kalman filter at time
t, and let x̄t+1 and P̄t+1 denote the predicted mean and covariance at time t+1 (see Eq. (II.70)).
The RTS smoother recursively computes the smoothed estimates x̂s

t and P̂s
t as follows:

Initialization (at t = T ):
x̂s

T = x̂T , P̂s
T = P̂T . (II.81)

Backward recursion (for t = T − 1, . . . , 1):

Gt = P̂tFTP̄−1
t+1 (II.82)

x̂s
t = x̂t + Gt

(
x̂s

t+1 − x̄t+1
)

(II.83)

P̂s
t = P̂t + Gt

(
P̂s

t+1 − P̄t+1
)

GT
t (II.84)

where Gt is the smoothing gain, analogous to the Kalman gain used in filtering. This backward
pass adjusts the filtered estimate at time t using the difference between the smoothed and
predicted values at time t + 1.

Interpretation. Smoothing retroactively improves past estimates based on future observa-
tions. It is especially useful when:

• Observations are noisy or missing intermittently.

• The dynamics of the system are weakly constrained (e.g., Brownian motion).

• One desires a refined, smooth trajectory reconstruction for downstream tasks (e.g., kine-
matic analysis, behavioral modeling).

Although smoothing cannot be used in real-time systems, it is commonly employed as a
post-processing step in multiple-object tracking pipelines.
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Extensions. For nonlinear systems, the RTS smoother can be extended to the Extended
Kalman Smoother (EKS) or Unscented Kalman Smoother (UKS), or approximated with particle-
based methods. However, these are less common in biological applications, where the assump-
tion of linear-Gaussian dynamics is often sufficient.

II.3.2 Bayesian Multiple Object Tracking

In Bayesian Multiple Object Tracking, each target i is modeled by a hidden state vector xi
t ∈ Rdx

that evolves over time. The total number of targets N is unknown and must be inferred jointly
with their states. The goal of a Bayesian tracker is to estimate the most probable joint sequence
of states X1:T = (xi

t)1≤i≤N, 1≤t≤T given the observed data. This leads to the Maximum A
Posteriori (MAP) estimation:

X⋆
1:T ∈ arg max

X1:T

P(X1:T | I1:T ) (II.85)

Using Bayes’ rule, this posterior can be decomposed as:

X⋆
1:T ∈ arg max

X1:T

P(X1:T )P(I1:T | X1:T ) (II.86)

Here, P(X1:T ) encodes prior knowledge about the number of targets N , target birth and death
processes, splitting or merging events, and the expected spatial and temporal behavior (e.g.,
targets may preferentially be localized in the image center). The likelihood P(I1:T | X1:T )
models the probability of observing the sequence of images I1:T given the states.

In practice, modeling the full image generation process (P(I1:T | X1:T )) is extremely chal-
lenging due to background clutter, imaging noise, occlusions, texture variations, and depth
information, which may not be modeled in the state vectors. Some works such as [58, 165,166]
attempt to address this by modeling targets as Gaussian spots with additive background, but
such methods remain rare and are usually limited to Gaussian-shape targets without structured
background.

Instead, most practical Bayesian tracking algorithms adopt a tracking-by-detection paradigm,
wherein a detector is first applied to the images to extract a set of measurements:

Z1:T = Detector(I1:T ) (II.87)

Each Zt is an arbitrarily ordered set of detections zj
t ∈ Rdz , as described in Chapter II.1.

The detections then serve as proxies for the observations, and the Bayesian tracking problem
becomes:

X⋆
1:T ∈ arg max

X1:T

P(X1:T | Z1:T )

∈ arg max
X1:T

P(X1:T )P(Z1:T | X1:T )
(II.88)

Even with this simplification, evaluating the likelihood P(Z1:T | X1:T ) remains difficult, as
it requires to model the measurement process (the detector) and resolving ambiguous data
associations — i.e., determining which detection corresponds to which target.

To mitigate this, most approaches introduce a latent association variable Γ1:T , as defined in
Chapter II.1.1, which encodes the assignment of detections to tracks. The MAP estimation is
then decoupled into two subproblems:
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1. Association estimation:

Γ⋆
1:T ∈ arg max

Γ1:T

P(Γ1:T | Z1:T )

∈ arg max
Γ1:T

P(Γ1:T )P(Z1:T | Γ1:T )
(II.89)

2. State estimation:
X⋆

1:T ∈ arg max
X1:T

P(X1:T | Γ⋆
1:T , Z1:T ) (II.90)

Although this decoupling is suboptimal in theory (the joint MAP estimate is not recovered),
it is computationally tractable and performs well in practice. Recent Random Finite Sets (RFS)
[169,170] models can be used to directly tackle the joint MAP estimate (see Chapter II.3.3).

Association Estimation. Solving Equation (II.89) requires modeling the prior P(Γ1:T ),
which encodes our assumptions about the detection process (e.g., false positive and missed
detections) and target events (e.g., birth, splitting, merging and death processes). In practice,
many approaches simplify the objective to a likelihood maximization one, ignoring the prior.
However, this amounts to assume a uniform prior P(Γ1:T ) = cte which is an unrealistic assump-
tion: in most cases, tracks are expected to appear infrequently, and false positives or missed
detections should be penalized.

In Chapter V, we formalize and extend the commonly used priors in Bayesian tracking,
originally introduced by Reid [130].

The likelihood can typically be factorized assuming conditional independence between tar-
gets, given the associations:

P(Z1:T | Γ1:T ) =
N∏

i=1
P(Zγi

1:T )

=
N∏

i=1

T∏
t=1

P(Zγi
t

t | Zγi
1:t−1)

(II.91)

Under the 1-to-1 association constraint, the per-frame measurement likelihood becomes:

P(Zγi
t

t | Zγi
1:t−1) =


1 if γi

t = ∅
p(zj

t | Zγi
1:t−1) if γi

t = {j}
0 otherwise

(II.92)

where p(zj
t | Zγi

1:t−1) is the predicted measurement likelihood from a single target Bayesian
filtering (see Equation (II.54)).

Assuming a decoupled prior of the form (see Chapter V):

P(Γ1:T ) =
N∏

i=1

T∏
t=1

g(γi
t | γi

1:t−1), (II.93)

we can rewrite the MAP estimation over Γ1:T as a cost minimization:

Γ⋆
1:T ∈ arg min

Γ1:T

N∑
i=1

T∑
t=1

c(Zγi
t

t | Zγi
1:t−1) (II.94)
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where the per-step cost c is:

c(Zγi
t

t | Zγi
1:t−1) = − log

[
g(γi

t | γi
1:t−1) · P(Zγi

t
t | Zγi

1:t−1)
]

(II.95)

This leads directly to the generic linking problem introduced in Chapter II.1. Any of the
linking algorithms discussed there can be used to solve the association problem, although some
(e.g., graph-based methods) require additional assumptions (e.g., Markovian costs assumption)
to guarantee tractability. Note that MHT with full depth solves precisely this optimization
problem.

State Estimation. Assuming conditional independence between targets given the assign-
ments, the states posterior distribution factorizes:

P(X1:T | Γ1:T , Z1:T ) =
N∏

i=1
P(Xi

1:T | Zγi
1:T ) (II.96)

The state estimation can then be resolved target by target as a single-target smoothing problem:

X⋆,i
1:T = arg maxP(Xi

1:T |Zγi
1:T ) (II.97)

In the linear Gaussian case, the marginal distributions P(xi
t | Zγi

1:T ) are Gaussian and can be
estimated using the RTS smoother (see Chapter II.3.1.6). The joint distribution across time is
therefore also Gaussian, and the means (x̂s,i

t )1:T provides the MAP estimate for Xi
1:T .

II.3.3 Random Finite Sets (RFS)

The Random Finite Set (RFS) framework [169,170] provides a mathematically rigorous approach
to multi-object tracking under uncertainty in both the number and states of targets. In this
framework, the multi-target state at time t is represented as a finite set:

Xt = {x1
t , . . . , xNt

t } ∈ F(X ), (II.98)

where X ⊂ Rdx is the single-target state space, and F(X ) denotes the collection of all finite
subsets of X . The cardinality Nt = |Xt| is itself a random variable, reflecting an unknown
number of targets.

Similarly, the measurement set at time t is modeled as a finite set:

Zt = {z1
t , . . . , zMt

t } ∈ F(Z), (II.99)

with Z ⊂ Rdz the measurement space and Mt the random number of detections at time t.

This contrasts with the formalism introduced in Chapter II.1, where all N targets are defined
over the full temporal interval t ∈ J1, T K using dummy states before birth or after death. In
the RFS setting, only active targets are represented in Xt, allowing target births and deaths to
be handled implicitly as changes in set cardinality.

RFS-based tracking enables unified modeling of target birth, death, detection uncertainty,
and clutter without requiring explicit data association. While exact Bayesian inference over
F(X ) is generally intractable, several approximations allow practical implementations. The
most widely known are the Probability Hypothesis Density (PHD) and Generalized Labeled
Multi-Bernoulli (GLMB) filters.
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II.3.3.1 Probability Hypothesis Density (PHD)

The PHD filter [171] approximates the multi-object posterior by its first-order moment — the
intensity function vt(x), which is a function over the state space X . It satisfies:∫

S
vt(x) dx = Expected number of targets in S ⊂ X . (II.100)

In practice, peaks of vt(x) correspond to likely target positions.

The PHD is propagated recursively using a prediction-update cycle, analogous to Bayesian
filtering:

v̄t(xt) = γt(xt) +
∫

pS(xt−1)f(xt | xt−1)v̂(xt−1) dxt−1 [prediction] (II.101)

v̂t(xt) = [1− pD(xt)]v̄t(xt) +
∑

z∈Zt

pD(xt)h(z | xt)v̄t(xt)
κ(z) +

∫
pD(x′)h(z | x′)v̄t(x′) dx′ [update] (II.102)

where γt is the birth intensity, pS the survival probability, pD the detection probability, f the
dynamic model, h the measurement model, and κ the clutter intensity (false positives).

As the PHD filter integrates on the state-space X rather than on the much larger RFS
state space F(X ), it can be approximately integrated. A common close-form solution has been
developed for Gaussian and linear processes (as for Kalman filters): the GM-PHD [172].

Limitations. While the PHD filter is efficient and elegant, it has two important limitations:

• Moment approximation: The PHD propagates only the first moment of the multi-
object posterior, and estimating the states requires additional heuristics, like clustering.
In GM-PHD, an ad-hoc procedure generates a state from the mean of each Gaussian
component with sufficiently large weight (> 0.5).

• No target identity: The PHD is a function over X that does not maintain labels or
identities. This limits its use in applications where consistent identities across time is
essential. For example, in Baxter [119], Viterbi Track Linking (see Chapter II.1.3.2) is
used as a post-processing of GM-PHD to recover target identities.

II.3.3.2 Generalized Labeled Multi-Bernoulli (GLMB)

The GLMB filter [173,174] overcomes the limitations of PHD by augmenting each target state
with a unique label: (xi

t, ℓi) ∈ X × L, with L ⊂ N. A labeled RFS is defined as a finite subset
of distinctly labeled states:

Xt = {(xi
t, ℓi)}Nt

i=1, ℓi ̸= ℓj for i ̸= j (II.103)

The multi-object posterior is modeled using the GLMB family of distributions:
πt(X) = ∆(X)

∑
ξ

w(ξ)(L(X))
∏

(x,ℓ)∈X
p(ξ)(x, ℓ), (II.104)

Here, ∆(X) ensures label distinctness, ξ indexes data association hypotheses, with w(ξ) its
weight and p(ξ) the corresponding single-target density.

Crucially, the GLMB family is closed under the Bayesian filtering recursion (prediction and
update), enabling tractable implementation. Low-weight components can be pruned, and each
posterior component corresponds to a distinct hypothesis on the data association and object
identities.
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Discussion. GLMB filtering offers a fully Bayesian multi-object tracking solution with the
following advantages:

• Identity preservation: Track labels are maintained explicitly through time, ensuring
consistent identities without post-hoc linking.

• Probabilistic associations. Ambiguity in measurement-to-track association is marginal-
ized, whereas MHT takes binary decisions.

• Bayesian modeling of events: Birth, death, missed and false positive detections are
all modeled through the RFS framework.

However, GLMB also presents practical challenges:

• Computational cost: Although hypothesis pruning maintains tractability, GLMB re-
mains more computationally expensive than simpler approaches.

• No smoothing: The GLMB filter estimates the filtering distribution p(Xt | Z1:t). In
contrast, MHT is a fixed lag smoother on the latent association variable, that maximizes
p(Γ1:t | Z1:t+τdepth), potentially yielding more temporally consistent tracks. Look-ahead
strategies, such as PHD look-ahead [174], attempt to address this limitation.

• State extraction: The filtering posterior is a mixture over numerous components; ex-
tracting a single realization Xt (e.g., MAP or MMSE estimate) requires non-trivial selec-
tion heuristics. A typical one is to compute the MAP estimator of the cardinal Nt, and
then select the Nt components with highest weights [174].

In summary, GLMB tracking offers a robust and theoretically sound alternative to MHT,
particularly in settings with high false positives or sporadic measurements. Despite its theoret-
ical appeal, GLMB remains less widely used in practice than simpler tracking-by-detection or
MHT approaches, due to its complexity and computational cost.

II.4 MOT for Hydra’s Neurons

In most biological tracking problems, the number of targets is both unknown and varies over
time, due to targets entering or leaving the field of view. In our Hydra case, the number of
neurons is fixed and unknown, but because of occlusions, out-of-focus, or their intermittent
visibility, neurons may disappear for long time-range, leading, in practice, to a non-constant
number of targets. This motivated our decision to adopt a tracking-by-detection framework
for all algorithms developed in this thesis, as it naturally handles a variable number of targets.
Moreover, this framework can incorporate any instance segmentation or detection method and
thus benefits directly from recent—and future—advances in detection.

Although tracking performance is closely linked to detection accuracy in this paradigm, we
found that detection methods were already reasonably effective in our context. In particular,
deep learning models could be trained on relatively small annotated datasets (a few labeled
patches). Consequently, we focused our efforts on improving the linking stage, which remains
more challenging, in particular, due to the lack of annotated tracking data.
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(a)

(b)

(c)

(d)

StarDist segmentation

TrackMate track (id)5

eMHT track (id)5
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Figure II.8: Illustration of tracking errors from standard MOT approaches on a
contracting tentacle. (a) TdTomato time-lapse sequence of a Hydra, zoomed in on a tentacle
of interest. (b) StarDist detections [25] (in blue). Despite being trained on similar data, the
model exhibits some missed and false positive detections, with an approximate F1 score of 90%.
(c) Six selected tracks obtained with TrackMate [27,128]. Tracks 3, 4, and 5 exhibit several
identity switches during the contraction; Track 1 (resp. 2) switches with the neuron originally
tracked by 3 (resp. 4). Track 0 exhibits a single switch between frames 7 and 10, ending up on
a different neuron. (d) The same six tracks obtained with eMHT [26]. Despite using a more
advanced association mechanism, it suffers from similar tracking errors. Track 5 terminates
early (frame 7), avoiding further errors, while Tracks 3 and 4 both switch identity between
frames 4 and 7.

Hydra time-lapse sequences (e.g., Figure I.8) contain up to 1000 neurons tracked over 10,000
frames. This scale typically rules out computationally intensive graph-based methods (Chap-
ter II.1.3.1). Instead, we relied on recursive approaches, using either LAP-based association
strategies (Chapter II.1.3.3) or more sophisticated Multiple Hypothesis Tracking (MHT) (Chap-
ter II.1.3.4). Due to the absence of ground-truth tracking annotations, we avoided supervised
deep cost learning (e.g., Caliban [126], HCRM [133]) and focused exclusively on unsuper-
vised or self-supervised techniques. In particular, we used Bayesian motion models that can be
applied in recursive linking algorithms (see Chapter II.3.2).

Nevertheless, the specific challenges of neuron tracking in Hydra (outlined in Chapter I.4)
render most standard linking algorithms ineffective. Figure II.8 illustrates these limitations
using a time-lapse sequence focused on a contracting tentacle. The segmentation shown in
Figure II.8.b was obtained using a trained StarDist model, which performs well at separat-
ing nearby neurons. However, neurons with low signal-to-noise ratio (SNR) often confuse the
model, resulting in false positives and false negatives. These likely stem from inconsistencies
in training annotations and limited inter-annotator agreement. On such sequences, StarDist
typically achieves an F1 score of about 90%.

For linking, we qualitatively evaluate here two widely used algorithms:

• TrackMate [128], a Fiji-based [51] implementation of u-track [27], which uses a near-
constant velocity Kalman filter and solves associations via a frame-by-frame LAP. It in-
cludes a global LAP-based post-processing step to handle missed detections.

• eMHT [26], implemented in Icy [50], which employs an Interacting Multiple Model (IMM)
framework with Brownian and near-constant velocity Kalman filters, solving associations
via Multiple Hypothesis Tracking.

As shown in Figure II.8, both methods struggle during periods of large motion, such as
tentacle contractions. The underlying motion models fail to anticipate sudden displacements.
Combined with the high neuron density and occasional detection errors, this leads to incorrect
associations that cascade into further tracking errors in subsequent frames. To facilitate visu-
alization, we uploaded videos2 of the first 10s of this tentacle example tracked with different
tracking methods (including our own methods).

2https://partage.imt.fr/index.php/s/7cYJXqB2Qwao3a6

https://partage.imt.fr/index.php/s/7cYJXqB2Qwao3a6
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While a few tracking errors may be tolerable, here, with the number of frames to consider
(>1000) and with the number of errors seen on this tentacle example, many tracks end up
being corrupted, impacting downstream analyses or necessitating extensive manual corrections.
In this thesis, we propose more robust linking algorithms designed to significantly reduce such
tracking errors.





Chapter III

SINETRA: a Synthetic Dataset for
Evaluating Neuron Tracking

As discuss in Chapter I.4, accurately tracking neuronal activity in behaving animals presents
significant challenges due to complex motions and background noise. The lack of annotated
datasets limits the evaluation and improvement of such tracking algorithms. To address this,
we developed SINETRA, a versatile simulator that generates synthetic tracking data for targets
on a deformable background, closely mimicking live animal recordings. This simulator produces
annotated 2D and 3D videos that reflect the intricate movements seen in behaving animals like
Hydra Vulgaris. In this Chapter, we present this simulator, then benchmark three state-of-
the-art tracking algorithms highlighting the current limitations of these methods in challenging
scenarios and paving the way for improved cell tracking techniques in dynamic biological sys-
tems.

This work has been published at the IEEE ISBI conference in 2025 as: Raphael Reme⋆, Alas-
dair Newson, Elsa Angelini, Jean-Christophe Olivo-Marin, and Thibault Lagache. SINETRA:
A Versatile Framework for Evaluating Single Neuron Tracking in Behaving Animals. IEEE
ISBI, 2025 [65].

III.1 Motivation

To objectively compare cell tracking algorithms, several software tools [55, 175] and annotated
datasets [59,61,176] have been developed. However, these mainly address classical cell tracking
challenges, focusing on randomly moving and dividing cells in vitro, which do not reflect the
conditions of neuron tracking in behaving animals. Neurons do not divide and their motion is
driven by the animal’s body deformations. As a result, evaluating neuron tracking algorithms
typically requires labor-intensive manual annotations of time-lapse sequences, which is imprac-
tical for large datasets, especially in three dimensions [22, 28, 153]. Alternatively, synthetic
simulations are used for targeted augmentation of neuron spots and volume registration in C.
Elegans [177,178].

To facilitate the objective comparison and improvement of SIngle NEurons TRAcking algo-
rithms, we developed SINETRA, a versatile framework for simulating two- and three-dimensional
time-lapse sequences reproducing the complex motions of neurons in live fluorescence imaging
of behaving animals. This simulator models targets (neurons) as spots within a structured
background that accounts for the auto-fluorescence of the embedding tissue. The tissue de-
formations related to animal behaviors are either modeled with a system of damped harmonic

67
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(a)

(c) (d)

(b)
90

t

140

Figure III.1: Synthetic image simulator (Hydra flow) (a) A synthetic image using the
default imaging parameters α = 0.2 and ∆ = 50. (b) Synthetic tracks on 50 frames centered
around a contraction (frames 90 to 140, with a contraction at t = 100). (c) 100x100 pixels
from fluorescence videos of Hydra Vulgaris’ neurons [10,22]. (d) 100x100 pixels from synthetic
videos using different imaging parameters. Left: ∆ = 15, α = 0.5. Right: ∆ = 200, α = 0.2.

oscillators subjected to random contraction or elongation forces, or are directly extracted from
optical flow estimates of live animal deformations.

Using this simulation framework, we benchmarked three tracking algorithms on our synthetic
data: eMHT [26] and u-track [27] that are standard Bayesian filtering and distance minimization
methods, and ZephIR [153] which propagates semi-annotated tracks using image registration.
This benchmark underscores the existing limitations of these approaches when dealing with
complex movements, opening the door for enhanced cell tracking methods in dynamic biological
systems (some developed in the following chapters of this thesis).

III.2 Method

The outputs of our simulator are a time-lapse sequence of images (It)1≤t≤T of size S ∈ Nd

pixels (with d ∈ {2, 3} the dimension of images) and the tracks (xi
t)1≤t≤T, 1≤i≤N , where T is the

number of frames, N the number of tracks (see Figure III.1). At each time step t, It ∈ [0, 1]S
is the noisy fluorescence image of the targets at positions xt ∈ RN×2.

III.2.1 Modeling Fluorescent Targets and Background

III.2.1.1 Targets

We first modeled simple but realistic fluorescent targets (neurons). A target is characterized by
its position, intensity and shape, all of which change over time. Formally, each target 1 ≤ i ≤ N
in frame 1 ≤ t ≤ T is modeled with a d ∈ {2, 3} dimensional Gaussian profile, with xi

t ∈ Rd
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its position, wi
t ∈ [0, 1] its intensity weight, and Σi

t ∈ S++
d its elliptic shape, where S++

d is the
ensemble of positive-definite symmetric matrices in dimension d.

On the first frame, we defined the animal’s body as the pixels B ⊂ W, where W = {w ∈
Nd, w ≥ 0 and w < S} is the simulation domain and S ∈ Nd the dimensions of the generated
images. These pixels B are either obtained from experimental videos using coarse segmentation
of the tissue based on intensity thresholding or randomly sampled as an ellipse that covers
around 30% of the surface/volume of the simulation domain W. The initial positions of targets
xi

t=0 are uniformly distributed within B with the sparsity of the distribution tuned via a minimal
distance between targets (neurons). Target intensity weights wi

t=0 are initially set to 1 and the
axes of elliptic shapes Σt=0,i are initially sampled with a size from 1 to 3 pixels and randomly
rotated (see Chapter III.2.1.4).

Let Θi
t = (wi

t, xi
t, Σi

t) be the parameters of a target i at frame t. The noise-free image of
fluorescent targets Ip

t is defined at pixel location w ∈W as:

Ip
t (w) =

N∑
i=1

q(w; Θi
t) =

N∑
i=1

wi
te

− 1
2 (xi

t−w)TΣi
t

−1(xi
t−w) (III.1)

with q(w; Θi
t) the weighted Gaussian probability density function evaluated at pixel w.

Since the intensity weights wi
t are constrained in [0, 1] and the targets are separated by

a minimal distance, the brightest pixels in Ip
t will not exceed the maximum gray-level value

(∀w, Ip
t (w) < 1).

III.2.1.2 Background & Noise

We model background fluorescence as multiple Gaussian profiles of parameters (Θi,b
t )1≤i≤Nb =

(wi,b
t , xi,b

t , Σi,b
t )1≤i≤Nb . Positions of the background Gaussian profiles are also initially dis-

tributed homogeneously in B. The sizes of background profiles are larger than those of the
fluorescent targets, ranging from 20 to 60 pixels. The noise-free background image Ib(w) is
defined at pixel location w as:

Ib
t (w) =

Nb∑
i=1

q(z; Θi,b
t ) (III.2)

The background profiles overlap extensively, leading to sums of intensities greater than the
weights wi,b

t . Without scaling, the brightest pixels of Ib
t would exceed the maximum gray-level

value. Therefore, we normalize the background images by a fixed constant, which is defined as
the maximum value of the first background image: Gb = maxw Ib

0 (w).

Target and background signals are linearly mixed with a proportion α. We model the
fluctuation of the number of photons detected at each pixel w ∈W using a Poisson Shot Noise
process with ∆ the integration time. The noisy image at frame t is generated as:

Īt(w) = αIp
t (w) + (1− α)

Gb Ib
t (w)

It(w) ∼ 1
∆P

(
∆Īt(w)

) (III.3)

This allows to parametrize the simulator to produce faithful images: α controls the visibility
of targets over the background, and ∆ the magnitude of the Poisson shot noise (see Figure III.1).
By default, we use α = 0.20 and ∆ = 50 (Figure III.1.a).
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III.2.1.3 Intensity Variations

Our simulation framework allows to model the dynamics of target wi
t intensity. This is particu-

larly useful to account for changes in target fluorescence due to the biophysics of the dye, such
as calcium indicators in fluorescence imaging of neural activity [15, 19]. Nonetheless, for the
sake of simplicity, we have fixed the intensity weights to a constant (∀i, j, t, wt,i = wb

t,j = 1) in
all our experiments.

III.2.1.4 Shape Evolution

For each Gaussian profile (target and background), the covariance matrix of the profile can be
separated into size and rotation components:

Σi
t = RT

θi
t
Diag(σi

t)2Rθi
t

(III.4)

where σi
t ∈ Rd

+ are the sizes along each axes of the ellipse, and Rθi
t

is the rotation matrix of
angle θi

t. In the 2D case, θi
t ∈ R is a single angle of rotation around the z-axis. In 3D, θi

t ∈ R3

are the rotation angles around the x, y and z axes.

We model the smooth random evolution of profiles over time around an equilibrium position
with damped harmonic oscillators with random forces (see Chapter III.2.2.3). The equilibrium
value of the rotation angle of a profile i is θi

eq = θi
t=0 ∼ U ([0, π]). Then, to simulate rotation

noise, we suppose that random forces are applied to the targets, modeled as i.i.d. Gaussian
noise. We choose the magnitude of the force so that θi

t ∼ N
(
θi

eq, π
30

)
. We emphasize that

(θi
t)0≤t≤T are correlated in time and are computed by solving the damped harmonic oscillators

equations (and not sampled from this Gaussian distribution).

The initial profile sizes σi
t=0 are sampled from a Uniform distribution (1 to 3 pixels for

targets, 20 to 60 pixels for background profiles). Intuitively, larger targets should have larger
size variations. We therefore define the normalized size as si

t = σi
t

σi
t=0
∈ Rd

+. Random forces are
applied to increase or decrease the normalized size around its equilibrium value of 1. They are
modeled as i.i.d. Gaussian noise and chosen so that the si

t ∼ N (1, 0.05).

For both angle and size oscillators, we set the critical time of the system to τ = 10 frames, and
choose the dampening coefficient so that the system is critically damped (See Chapter III.2.2.3).

III.2.2 Motion Modeling

To model the motion of neurons embedded in a deformable tissue, we propose two elastic
motion models. At each time-step t, we update the position of both targets xt (neurons) and
background profiles xb

t using the computed tissue deformation.

III.2.2.1 Optical Flow Motion

We estimate the animal deformation by computing optical flows between consecutive frames
of an experimental video. The optical flows are computed with Farneback algorithm [179], an
analytical algorithm that proved to be fast and robust in many applications. The positions
of neurons and background profiles are initially sampled within B that corresponds to the
thresholded mask of the behaving animals’ body, then they are iteratively moved from the
calculated flows at each time-step (see Figure III.1).
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(a)

(b)

(c)

t=0 t=20 t=40

Figure III.2: Synthetic image simulator (Springs 2D/3D). (a): Visual appearance of
the initial 2D frame with springs between control points (in blue). (b): Motion induced by
random forces and springs constraints over time. The motion of each particle (bright spots) is
determined by interpolating control points. (c): 3D projection of springs (in blue) and noisy
targets (in white).

III.2.2.2 Springs Motion

To simulate random localized deformations of the animal’s body, we employ a system of damped
springs subjected to random contraction and elongation forces. We position a grid of n control
points of equal mass attached by springs within the initial domain B (see Figure III.2). We
then apply random forces to the control points and solve the n-body damped harmonic oscillator
equations to estimate the dynamics of control points over time (see Chapter III.2.2.3).

Please note that the control points are not the targets and are not visible on the generated
images. The positions of the targets and background Gaussian profiles are computed with an
elastic interpolation (Thin Plate Spline) between the n control points.

More formally, let (pi(t) ∈ Rd)1≤i≤n be the coordinates of the n control points of our system
at time t. For each point pi, we define its dampening coefficient λi ∈ R+. For each pair (pi, pj),
a spring is created with a stiffness kij ∈ R+ and an equilibrium length leq

ij ∈ R+. We set kij = 0
(no spring) for all pairs except the 8 (26 in 3D) closest neighbors. Let lij(t) be the Euclidean
distance between pi and pj at time t. The n-body damped harmonic oscillators can be written:

p̈i(t) = f springs
i (t)− λiṗi(t) + f rand

i (t) (III.5)

f springs
i (t) = −

∑
j

kij

(
lij(t)− leq

ij

) pi(t)− pj(t)
lij(t) (III.6)

where f rand
i (t) is a random contraction or elongation force applied on control point i at time

t. To compute this force, we start by randomly selecting a subset S(t) ⊂ J1, nK of control
points, where |S(t)| ∼ U (J2, mK) and m = 10 is the fixed maximum number of control points
involved in the force. Then, we apply a contraction (resp. elongation) force toward (resp. from)
the barycenter of the selected control points. Formally, let p̄(t) = 1

|S(t)|
∑

i∈S(t) pi(t) be the
barycenter of the selected control points. Then:
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f rand
i (t) =


0 if i /∈ S(t)

d(t)ai(t)
pi(t)− p̄(t)
||pi(t)− p̄(t)||2

otherwise
(III.7)

where d(t) ∈ {−1, 1} controls the random direction of the motion (contraction or elongation)
and ai(t) ∼ U(1

2amax, amax) is the random amplitude of the motion.

III.2.2.3 Damped Harmonic Oscillators

In our simulator, we rely on damped harmonic oscillators to model the temporal evolution of
positions, angles and sizes of targets. We detail here the calculations underlying these equations
in the one-dimensional case with a single spring, which benefits from theoretical background.
For our multiple interacting springs (Chapter III.2.2.2), we have extrapolated the results from
this simpler case.

Let x(t) ∈ R be the quantity of interest at time t, we have the following system:

ẍ(t) = f(t)− λẋ(t)− k (x(t)− xeq) (III.8)

where f(t) is a random force, λ the dampening coefficient, k the stiffness coefficient and xeq the
equilibrium state of the system. The mass of the system is canceled out for simplicity.

The system is discretized with a time interval dt: xn = x(ndt). We decided to use the semi-
implicit Euler method which is a symplectic integration method suited for our Hamiltonian
system. Starting from initial conditions x0, ẋ0, it computes the next state following:

ẍn = fn − λẋn − k(xn − xeq)
ẋn+1 = ẋn + dtẍn

xn+1 = xn + dtẋn+1

(III.9)

For the processes modeled here, oscillations are not realistic. Therefore we decided to
critically damp the system so that the transient solution (without random forces) decays to the
equilibrium state. This implies to set λ = 2

√
k.

Finally, we introduce the critical time τ = 2
λ which corresponds to the exponential decay of

the transient solution. We decided to use a reasonable value of τ = 10 frames: without forces,
the system returns to the equilibrium in around 10 frames. In all our springs, we have λ = 2

τ
and k = 1

τ2 .

III.3 Evaluation and Results

III.3.1 Evaluation

Using our simulator, we generated a synthetic dataset of fluorescent neurons in a behaving
animal. We simulated 800 neurons over 200 frames, using ∆ = 50 and α = 0.2. We focused on
three different scenarios:

1. Hydra Flow: we generated 1024x1024 images using optical-flow based motion. The flows
are extracted from 200 selected frames of an experimental video where the Hydra Vulgaris
is contracting [10].
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2. Springs 2D: we used springs-based motion (with the amplitude of random forces amax = 4
pixels) to generate 1024x1024 images.

3. Springs 3D: we simulated 200x200x200 volumes with springs-based motion (with amax =
3 pixels).

To measure the accuracy of predicted tracks, we use the Higher Order Tracking Accuracy
(HOTA) metric [180], which accounts for localization, detection, and association performance.
The HOTA metric aligns well with human visual assessment of tracking accuracy and has been
widely adopted in evaluating the performance of tracking algorithms for natural images [180].

The HOTA score is defined as the geometric mean of the detection score and the association
score:

HOTA =
√

DetA ·AssA (III.10)

where DetA is the Jaccard index for detection (i.e., the ratio of correct detections to the total
number of correct, missed, and false detections), and AssA is the Jaccard index for the asso-
ciation task [180]. We use a matching tolerance of r pixels, meaning that a predicted track
is considered correctly associated with a ground-truth target only if its position lies within r
pixels of the ground truth. In practice, we set r = 2.0 pixels, corresponding to the typical size
of the targets. Tracks deviating beyond this distance are considered biologically erroneous as
they may compromise subsequent analyses.

For each tracking algorithm, a grid search has been performed to tune to a few key param-
eters, while keeping others to their default values. For each experiment, five random videos
are generated using the same simulation parameters but different random seeds. We report the
mean and standard deviation for tables or the 99.7% confidence interval for figures over these
five random videos.

The simulator and the tracking experiments are available alongside this synthetic dataset
at https://github.com/raphaelreme/SINETRA.

III.3.2 Evaluated algorithms

Using this synthetic dataset, we compared three state-of-the-art tracking algorithms that are
based on distinct methodological frameworks: (1) u-track [27] re-implemented in Track-
Mate [128] from Fiji software [51] is a global distance minimization algorithm in two steps
(frame-to-frame linking, tracklet stitching). We used the advanced version, which models tar-
get motion with a near-constant velocity Kalman filter. (2) eMHT [26] from Icy software [50]
is a probabilistic algorithm based on multiple motion models, with a probabilistic handling of
tracks and a multiple hypothesis association method. With our density of targets, we were only
able to run the multiple hypothesis association with a tree depth of τdepth = 3 frames. (3)
ZephIR [153] is a frame-by-frame registration algorithm that propagates partially annotated
tracks. We tested ZephIR with three (ZephIR@3) and ten (ZephIR@10) annotated frames.

Each algorithm requires a pre-detection of targets before solving the tracking. We chose to
rely on the wavelet denoising and thresholding method described in [24] for which we measured
a detection F1 score of around 85% across our synthetic dataset. This matches detection
performance found for this method on experimental Hydra vulgaris data [22]. If deep learning
algorithms like StarDist [25] could be also be used (for which we measured around 93% F1 on
our dataset), we decided to limit the analysis of this study to unsupervised approaches, both

https://github.com/raphaelreme/SINETRA
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Table III.1: HOTA at 2 pixels [180] of the different tracking algorithms on three
synthetic scenarios. We report the mean and std on 5 different random simulations sharing
the same parameters (except the random seed).

Scenario Hydra Flow Springs 2D Springs 3D
u-track [27, 51,128] 67.7± 5.7% 80.3± 3.7% 70.8± 6.2%
eMHT [26, 50] 73.4± 8.1% 82.4± 2.8% 76.5± 6.4%
ZephIR@3 [153] 76.4± 6.0% 74.6± 7.4% 51.5± 2.5%
ZephIR@10 [153] 91.9± 3.2% 91.3± 1.7% 75.3± 2.7%

for the detection and linking algorithm. The impact of the detections quality will be studied in
the next Chapters.

III.3.3 Results

Table III.1 summarizes the performance of the different tracking algorithms on the three sim-
ulation scenarios. In this benchmark, Springs 3D scenario consistently seems harder than the
Springs 2D scenario as it adds a third degree of freedom to the problem. The Hydra Flow
scenario is also more challenging than Springs 2D, because of the larger and longer contraction
that occurs, increasing linking difficulties for traditional algorithms.

u-track [27,51,128] models target motion using a near-constant velocity assumption. How-
ever, we observed that this assumption fails in the presence of sudden and large contractions
typical of behaving animals like Hydra, resulting in poor tracking performance. eMHT, which
incorporates multiple motion models and a Multiple Hypothesis Tracking framework, demon-
strates greater robustness. Nevertheless, it still struggles to track rapidly moving neurons,
particularly evident in the top-right corners of Figure III.3. On the Hydra Flow scenario,
u-track achieves an average HOTA score of 67.7%, while eMHT performs slightly better,
reaching 73.4%.

The registration-based method ZephIR [153] shows greater resilience to large animal defor-
mations, leveraging carefully selected annotated reference frames. With just three annotated
frames, representing elongated and contracted states of the synthetic animal, ZephIR outper-
forms both u-track and eMHT on the Hydra Flow scenario, achieving a HOTA of 76.4%.
Yet, on springs-based videos where contractions are more frequent, ZephIR requires more an-
notated frames to outperforms u-track and eMHT. With 10 annotated frames on our dataset,
it reaches above 90% HOTA on 2D scenarios. However, its performance degrades on 3D data,
where registration precision declines, and it is outperformed by eMHT, which dot not require
any annotation. Moreover, manual annotation of reference frames is time-consuming and limits
ZephIR’s applicability in highly deformable organisms and long-duration recordings. Addition-
ally, ZephIR assumes a fixed number of targets based on the given annotated frames, reducing
its capabilities for scenarios where objects enter or leave the field of view.

We also compared the computational efficiencies of the different tracking methods. u-track
is the fastest method, running at approximately 25 frames per seconds (FPS) on both 2D and
3D sequences using a standard Lenovo Legion 5 laptop. eMHT, due to the complexity of
its multiple hypothesis framework, operates at around 2 FPS on both 2D and 3D sequences.
ZephIR is the slowest option, as it requires the optimization of its objective function on each
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Figure III.3: Temporal projection of tracks (Hydra flow scenario) on 50 frames centered
around a contraction (frames 90 to 140, contraction at t = 100).
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frame. On CPU, it runs at approximately 0.3 FPS, but GPU acceleration improves performance
significantly: it reaches 3 FPS on 2D sequences using an Nvidia RTX 3070, though performance
is notably slower in 3D.

III.4 Discussion
In this chapter, we presented SINETRA, a versatile framework for generating synthetic, an-
notated multiple object tracking (MOT) datasets, specifically designed to replicate realistic
imaging noise and complex motion patterns such as those observed in neurons of behaving
animals like Hydra vulgaris or C. elegans.

This simulator enables the quantitative evaluation of MOT algorithms in conditions closely
resembling those encountered in practice when tracking neurons in Hydra. While it is particu-
larly tailored to the challenges posed by neurons tracking, we emphasize that general purposes
biological MOT algorithms should also perform well on such datasets as it expressed some of
the key challenges found in biological tracking. However, several key design choices should be
considered when interpreting results:

1. Target shape: Each synthetic target is modeled as an ellipse whose shape fluctuates
slowly over time around a random equilibrium shape. This introduces slight visual dif-
ferences between targets, aiding in identity preservation. However, this representation
remains simplistic. Real neurons often exhibit more complex structures and textures
(see Chapter VI) that could be leveraged for improved tracking. Although more realistic
textures might be generated with modern deep generative models, we deemed the effort
required to integrate such models disproportionate to the benefit in the context of MOT
benchmarking.

2. Noise modeling: As with any synthetic dataset, our simulation of noise cannot fully
reproduce the complexity of real image acquisition. We incorporate both Poisson (shot)
noise and a background noise component simulating light backscattering within the syn-
thetic tissue. While simplified, these two sources of noise offer a reasonably faithful
approximation of real fluorescence microscopy data and are sufficient to expose the limi-
tations of existing MOT algorithms.

3. Motion: We proposed two complementary motion generation methods. The first uses
optical flow extracted from real videos of contracting Hydra to drive synthetic target tra-
jectories. This produces highly realistic motion with minimal parameter tuning, assuming
the quality of the optical flow is sufficient. However, this method may introduce bias, as
the synthetic motion is inherently constrained by what optical flow can capture. To ad-
dress this, we also implemented a fully synthetic motion model based on damped springs
subject to stochastic contraction and elongation forces. This model is highly configurable,
allowing the user to adjust difficulty by tuning parameters such as force magnitude and
frequency. The default configuration mimics the acceleration profile of the Hydra Flow
scenario and can be easily extended to 3D, enabling benchmarking of 3D MOT algorithms.
In all SINETRA datasets, target motion are highly spatially correlated, as in experimental
videos of neurons in behaving animals, we did not propose classical independent motion
patterns in our scenarios.

4. Temporal intensity dynamics: While our simulator supports temporal evolution of
target intensities through per-frame weights wt, all current benchmarks in this chapter
use a fixed value (∀t, wt = 1.0). This is realistic for fluorescence labels such as TdTomato
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(see Figure I.8), whose signal is independent of neuronal activity. In future work, the
simulator could be extended to model calcium dynamics for GCaMP-type indicators,
therefore enabling the evaluation of tracklet stitching strategies discussed in Chapter VI.

Using this simulation framework, we performed a series of benchmark experiments in both
2D and 3D, evaluating three representative tracking methods. These experiments confirmed
our earlier qualitative analysis (Chapter II.4), which suggested that classical MOT algorithms
struggle to cope with targets undergoing sudden and large accelerations. Among the methods
tested, ZephIR, which was specifically designed for tracking neurons in deformable organisms,
demonstrated the best robustness to such motion. However, it lacks the flexibility of tracking-by-
detection frameworks, as it assumes a fixed number of targets and requires manual annotation
of key frames. This manual annotation is labor-intensive, error-prone, and requires domain
expertise—factors that limit ZephIR’s scalability for large datasets or long recordings.

Based on this analysis, the subsequent chapters of this thesis will introduce more robust
MOT algorithms that significantly improve both quantitative and qualitative tracking perfor-
mance—on both SINETRA-generated data and real experimental recordings of Hydra vulgaris.





Chapter IV

KOFT: Exploiting Optical Flow in
Kalman-Based Tracking

As shown in previous chapters, standard tracking-by-detection MOT algorithms struggles when
applied on our Hydra data or our SINETRA synthetic datasets. In this chapter, we propose
a first contribution toward more robust MOT algorithms. By construction, standard Bayesian
filtering, the foundation of most state-of-the-art non-supervised recursive linking algorithms, is
unable to predict sudden changes in object velocity. To address this, we design a novel tracking
approach that introduces optical flow as a second independent sensor to measure the object
future velocity in a Kalman filtering framework. We evaluate our approach on the synthetic
datasets presented in Chapter III and with annotated time-lapse calcium imaging of neuronal
activity in Hydra vulgaris. Our results show that integrating optical flow estimations into
Kalman filtering significantly enhances the accuracy of object position predictions, reducing
tracking errors by more than twofold compared to other tracking algorithms.

This work has been published at the IEEE ISBI conference in 2024 as: Raphael Reme⋆,
Alasdair Newson, Elsa Angelini, Jean-Christophe Olivo-Marin, and Thibault Lagache. Particle
tracking in biological images with optical-flow enhanced Kalman filtering. IEEE ISBI, 2024 [66].
And it has been extended and submitted to IEEE TIP in 2025 as: Raphael Reme⋆, Alasdair
Newson, Elsa Angelini, Jean-Christophe Olivo-Marin, and Thibault Lagache. Using Optical
Flow as a Velocity Sensor for Kalman-Based Tracking of Biological Objects.

IV.1 Motivation

As detailed in Chapter I.4, this thesis focuses on non-supervised or self-supervised recursive
linking algorithms within the tracking-by-detection framework (see Chapter II). A key compo-
nent of most of these methods is Bayesian motion modeling, which predicts the next target
position based on past associated detections [26, 57, 128, 132]. This principle was introduced in
Chapter II.3.2: it allows the computation of the likelihood of the next measurement given the
previous ones, p(zt|z1:t−1), where track indices are omitted for simplicity.

The effectiveness of Bayesian filtering in tracking critically depends on the choice of a priori
models for both the process and measurement distributions (Eqs. II.51 and II.52). The measure-
ment distribution is typically modeled as a Gaussian centered on the true object position, reflect-
ing the localization uncertainty inherent in detection-based observations [26, 57, 124, 128, 132].
In contrast, the process model characterizes the expected dynamics of the tracked objects and
determines the predictive power of the filter. A common approach for small biological objects is

79
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to assume Brownian motion, where object displacements are random and the process distribu-
tion is modeled as a Gaussian centered on the current position [27]. Alternatively, near-constant
velocity or acceleration models are often used, where velocity is estimated recursively from past
positions [124, 128]. To accommodate multiple motion regimes (e.g., Brownian and directed),
Interacting Multiple Models (IMM) can be employed, enabling the filter to switch between
dynamic modes and capture transitions in motion behavior [26,57,132].

However, in all these Bayesian models, the detection process acts as the sole source of
information (sensor), providing noisy measurements for each track restricted to the position of
objects. Consequently, object motion is predicted exclusively from past potentially inaccurate
positions (z1:t−1) and such models struggle to anticipate abrupt changes in object dynamics.
In the case of Hydra, the animal’s sudden behavior cannot be precisely predicted from past
movements. As shown in Chapter I.4 and Chapter III, failing to anticipate these sudden motions
often leads to incorrect associations, triggering cascades of tracking errors.

To overcome this limitation, we propose a novel approach that introduces optical flow [142]
as an additional velocity sensor within a Kalman filtering framework. Critically, optical flow
provides velocity measurements independent from detection-based positional measurements, al-
lowing the Kalman filter to effectively fuse these complementary information to achieve more
accurate state estimation. Unlike standard approaches that predict motion solely from associ-
ated detection from past frames, our method computes optical flow between the current and the
future frame, providing measurements of target future velocity. This forward-looking prediction
strongly improves robustness to sudden velocity changes. Moreover, as optical flow estimation
imposes spatial regularity, this regularity is implicitly transferred to track velocities, which is
particularly relevant in our Hydra case.

We design a Kalman filter based either on a Brownian motion or a near-constant velocity
model, and perform two sequential updates at each time step t. The first update incorporates
the position measurement obtained from our detection sensor. The second update integrates the
independent velocity measurement derived from our optical flow sensor, computed by estimating
the flow between frames t and t + 1 at the predicted location of the track. This second update
significantly improves velocity estimation, particularly under abrupt or irregular motion changes
that standard Kalman filters—relying solely on past positions—fail to predict. This enhanced
Kalman filtering approach is embedded within a simple yet effective online tracking algorithm
that employs the linear assignment problem (LAP) to perform frame-by-frame association (see
Chapter II.1.3.3). We refer to this method as Kalman and Optical Flow Tracking (KOFT).

Using both experimental and synthetic data, we begin with an objective comparison of the
latest optical flow methods to identify the most suitable approach for our application. Next, we
assess the tracking performance of KOFT on the challenging task of tracking fluorescent cells
(neurons) in Hydra vulgaris, a highly deformable freshwater organism undergoing rapid body
contractions and tentacle swaying [10,22]. Finally, leveraging the SINETRA synthetic simulator
introduced in Chapter III, we evaluate the robustness of our algorithm across a variety of syn-
thetic configurations (e.g., motion patterns, detection rates, fluorescence noise), demonstrating
that KOFT outperforms other state-of-the-art tracking algorithms, halving tracking errors.

IV.2 Method

We introduce a Kalman filtering framework for multiple object tracking that combines two com-
plementary sources of information: (1) position measurements obtained from object detections,
and (2) velocity estimates derived from optical flow. The filter operates on a state representation
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Figure IV.1: KOFT overview. We use a two-sensor Kalman filter to iteratively estimate
object states (positions and velocities). First, the a priori estimate x̄t at frame t is predicted
from the previous posterior estimate x̂t−1 at frame t−1. In standard Kalman Tracking (SKT),
the predicted track is associated with a detection from frame t, yielding a position measurement
zpos

t that is used to update the state to x̂SKT
t . In our KOFT method, we compute a dense optical

flow between frames t and t+1 to estimate the future displacement at each pixel. This indepen-
dent sensor provides a velocity measurement zvel

t , which is integrated into the Kalman update
to compute the posterior state x̂t at frame t. The resulting filter fuses both detection-based
position measurements and optical flow-based velocity measurements to improve robustness and
accuracy in dynamic tracking scenarios.

that explicitly includes the object’s future velocity, enabling more accurate motion prediction.
Our method employs a dual-update scheme to perform Bayesian-optimal fusion of the two in-
dependent measurements. This design naturally handles missing data from either sensor and
improves tracking robustness in dynamic and noisy environments.
Building on this filtering framework, we introduce the Kalman and Optical Flow Tracking
(KOFT) algorithm, along with a baseline variant, Standard Kalman Tracking (SKT). SKT
shares the same structure as KOFT but excludes the optical flow–based velocity updates, re-
lying solely on detection-based position measurements.

IV.2.1 State-Space Modeling

Each track is modeled as a linear Gaussian Hidden Markov Model (HMM), defined by a hidden
state vector xt and two measurements at frame t: a position measurement zpos

t from the detec-
tion process, and a velocity measurement zvel

t from the optical flow algorithm. For clarity, we
omit the track index i. We assume that tracks evolve independently, and that the process, posi-
tion, and velocity measurement noises are mutually independent. The HMM is fully described
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by the following equations:

xt | xt−1 ∼ N (Fxt−1, Q) [process] (IV.1)
zpos

t | xt ∼ N (Hposxt, Rpos) [position measurement] (IV.2)
zvel

t | xt ∼ N (Hvelxt, Rvel) [velocity measurement] (IV.3)

Here, F denotes the state transition matrix, Q the process noise covariance, Hpos and Hvel
the measurement matrices for position and velocity, and Rpos and Rvel their respective noise
covariances.

Although the two measurements could be combined into a single observation vector, our de-
coupled formulation offers greater flexibility—specifically for handling missing detections while
still incorporating available optical flow measurements.

In this model, we assume that the positional and velocity measurements are independent.
We verify this assumption empirically in Chapter IV.3.5.

IV.2.2 Kalman Filtering with Dual Updates

Under the assumptions of linear dynamics and Gaussian noise, Kalman filtering provides the
Bayesian-optimal state estimates. At each time step t, we assume the previous filtering distri-
bution is Gaussian:

xt−1 | zpos
1:t−1, zvel

1:t−1 ∼ N (x̂t−1, P̂t−1), (IV.4)
where x̂t−1 and P̂t−1 denote the mean and covariance of the state estimate at time t−1.

The filtering distribution at time t is then computed via one prediction step followed by two
sequential updates:

Prediction step. Using the process model, we compute the prior (predicted) distribution as

x̄t = Fx̂t−1, (IV.5)
P̄t = FP̂t−1FT + Q, (IV.6)

where x̄t and P̄t represent the predicted state and its covariance.

First update (position sensor). If a detection zpos
t is available, the predicted state is refined

using the position measurement:

ypos
t = zpos

t −Hposx̄t, Spos
t = HposP̄tHT

pos + Rpos, (IV.7)

x̂SKT
t = x̄t + Kpos

t ypos
t , P̂SKT

t = (I−Kpos
t Hpos)P̄t, (IV.8)

where ypos
t and Spos

t denote the innovation and its covariance, and Kpos
t = P̄tHT

posS
pos−1

t is the
Kalman gain. If the detection is missing, the update is skipped and x̂SKT

t = x̄t.

Second update (velocity sensor). Assuming independence of measurements, we can write
the update using the velocity measurement as:

p(zvel
t | z

pos
1:t , zvel

1:t−1) =
∫

p(xt | zpos
1:t , zvel

1:t−1)p(zvel
t | xt)dxt, (IV.9)

p(xt | zpos
1:t , zvel

1:t) =
p(xt | zpos

1:t , zvel
1:t−1) p(zvel

t | xt)
p(zvel

t | z
pos
1:t , zvel

1:t−1)
. (IV.10)
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Given the linear Gaussian model, this yields a second Kalman update:

yvel
t = zvel

t −Hvelx̂SKT
t , Svel

t = HvelP̂SKT
t HT

vel + Rvel, (IV.11)

x̂t = x̂SKT
t + Kvel

t yvel
t , P̂t = (I−Kvel

t Hvel)P̂SKT
t , (IV.12)

where Kvel
t = P̂SKT

t HT
velSvel−1

t is the Kalman gain for the velocity update. In the Standard
Kalman Tracking (SKT) baseline, this step is omitted, and x̂t = x̂SKT

t .

Dual-update interpretation. From a Bayesian perspective, this two-step update is equivalent
to a single Kalman update using a stacked observation model:

zt =

zpos
t

zvel
t

 , H =

Hpos

Hvel

 , R =

Rpos 0
0 Rvel

 .

However, the sequential formulation provides greater flexibility by allowing partial updates when
only one of the two sensors provides a measurement. For ablation purposes, we define KOFT--,
a variant of our method that adopts the single-update formulation and does not exploit this
flexibility.

IV.2.3 Measurement and Process Models

Let wt ∈ Rd denote the position of an object at time t. We define the hidden state vector as:

xt =

 wt

dwt

 ∈ R2d, (IV.13)

where dwt = wt+1 − wt represents the forward finite difference used as a proxy for future
velocity.

The measurement models are straightforward: the detection sensor observes the current
position, while the optical flow sensor provides an estimate of the forward displacement. The
corresponding observation matrices and noise covariances are defined as:

Hpos =
(
Id 0d

)
, Rpos = σ2

posId, (IV.14)

Hvel =
(
0d Id

)
, Rvel = σ2

velId, (IV.15)

where σpos and σvel quantify the uncertainty associated with the detection and optical flow
sensors, respectively.

Two common motion models are used in biological object tracking: Brownian motion and
Directed motion.

Brownian motion. In this model, the next position is modeled as a random walk:

wt+1 = wt + ϵmov
t , ϵmov

t ∼ N (0d, σ2
movId), (IV.16)

where ϵmov
t is i.i.d. Gaussian process noise. The corresponding state-space model is:

Fbrown =

Id Id

0d 0d

 , Qbrown =

0d 0d

0d σ2
movId

 . (IV.17)
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This model assumes no velocity persistence (expected velocity is zero). The optical flow sen-
sor thus provides a crucial correction to the predicted motion by injecting a forward-looking
displacement estimate zvel

t .

Directed motion. For target with persistent velocity, we adopt a near-constant velocity model:

dwt+1 = dwt + ϵmov
t , ϵmov

t ∼ N (0d, σ2
movId), (IV.18)

leading to the following transition and noise matrices:

Fdirected =

Id Id

0d Id

 , Qdirected =

0d 0d

0d σ2
movId

 . (IV.19)

This model favors smooth velocity evolution and benefits from the optical flow measurement,
which balances previous displacement information with forward-looking velocity estimates, im-
proving robustness to non-stationary dynamics.

IV.2.4 Track-to-Detection Association

For any track γi
1:t−1, Kalman filtering estimates the likelihood p(zpos,j

t | Zγi
1:t−1) of observing a

candidate detection zpos,j
t at time t, given the track’s previous associated measurements Zγi

1:t−1 .
However, Kalman filtering alone does not perform the linking task itself.

In both SKT and KOFT, we adopt the online data association framework described in
Chapter II.1.3.3, where a Linear Assignment Problem (LAP) is solved at each frame to associate
active tracks with current detections. Assuming a one-to-one correspondence between tracks
and detections, we seek the assignment that maximizes the overall likelihood of positional
measurements, following the approach of IML [57]. This results in the following cost matrix:

Cij = − log p(zpos,j
t | Zγi

1:t−1), (IV.20)

where the likelihoods are provided directly by the Kalman filter. The LAP is then solved
using the optimal Jonker-Volgenant algorithm [30]. To avoid erroneous associations between
missed tracks and false detections, we introduce a fixed likelihood threshold η and only consider
associations for which p(zpos,j

t | Zγi
1:t−1) > η. Associations below this threshold are discarded.

While this approach is computationally efficient and works well in practice, it remains sub-
optimal from a Bayesian perspective. A more principled solution—based on Multiple Hypothesis
Tracking (MHT)—is developed in Chapter V.

IV.2.5 Optical Flow-Based Velocity Sensor

To provide an independent velocity measurement on frame t, we compute the optical flow
between frames It and It+1. It involves finding a function Φt,t+1(w) ∈ Rd that represents the
apparent motion (displacement) of any pixel w. This is widely used in image registration [140],
biomechanical displacement or force measurement [137–139], and key-point tracking through
registration [141,153].

Standard optical flow methods solve an optimization problem that maximizes the similarity
between It and It+1 after warping, subject to spatial regularization constraints [142, 143, 179].
More recent deep learning approaches treat optical flow as a supervised learning task, typically
trained on synthetic datasets [147], or adopt unsupervised learning strategies to directly learn
the optimization process [140].
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In KOFT, any optical flow algorithm can be employed. Accordingly, we benchmark four
different methods in Chapter IV.3.2.

Given an optical flow map, the velocity measurement is extracted at the expected object
position:

zi,vel
t = Φt,t+1

(
Hposx̂i,SKT

t

)
(IV.21)

Unlike detections, velocity measurements are always available and do not require solving an
association problem. Indeed, since optical flow relies on pixel intensities and compute pixel-
wise displacements, it provides an estimate of the target’s velocity, with measurement errors
that are largely independent from those of the detection-based measurements. Moreover, it
directly measures the forward finite difference dwt, enabling the Kalman filter to incorporate
information from frame t+1 when predicting the target’s position at time t+1 (which traditional
Kalman filter are not able to do).

IV.2.6 Track Creation and Termination

After the linking process, detections at time t are either linked to existing tracks or not. New
tracks are created from the non-linked detections. To mitigate the impact of false detections, a
new track is only created if its initial non-linked detection can be successfully linked over τmin
consecutive frames.

To account for situations where an object may be temporarily difficult to detect, non-linked
tracks are retained for up to τmax frames: after τmax consecutive missed frames, the track is
terminated.

Allowing a track to be re-linked after an extended period of missed detections can lead
to erroneous associations as the uncertainty of a non-linked track increases over time in the
Kalman filter. We emphasize that in practice, linking a track after τmax > 4 frames is rare, as
the association threshold η effectively prevents the linking of tracks with high uncertainty.

To summarize, our proposed tracking algorithm, KOFT, is an online linking method that
integrates linear assignment (LAP) with Kalman filtering. Unlike previous approaches that rely
solely on detection-based measurements for linking, KOFT incorporates velocity measurements
extracted directly from image data by using optical flow between the current and future frames.
As we demonstrate in the following section, this second measurement significantly improves the
Kalman filter’s robustness to sudden or unpredictable changes in object motion.

IV.3 Results

IV.3.1 Experimental Data

IV.3.1.1 Synthetic Data

We first evaluate our method on synthetic data generated by the SINETRA simulator (see
Chapter III). Each synthetic video consists of T = 200 frames, each with a resolution of 1024×
1024 pixels, and approximately N ≃ 800 objects to track. The SINETRA simulator incorporates
various motion models in 2D and 3D, and in this chapter, we only evaluate KOFT under the
2D scenarios: Hydra Flow and Springs 2D.

In the Hydra Flow scenario, objects are initially randomly distributed within a segmented
mask of a Hydra, which deforms over time to mimic the deformations observed in live animals.
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Figure IV.2: Synthetic images Synthetic images generated with the SINETRA simulation
framework [65] (Hydra Flow scenario) for different visibility coefficients α and integration times
∆. The default configuration (∆ = 50.0, α = 0.2) is highlighted with a red bounding box

In the Springs 2D scenario, objects are distributed within an ellipsoidal domain that elastically
deforms over time, driven by the random motions of spring-connected reference points.

The signal-to-noise ratio (SNR) in these synthetic images is influenced by two parameters:
the integration time ∆, which models the Poisson shot noise, and the object visibility coefficient
α, which accounts for background intensity (Figure IV.2). Default values are set to ∆ =
50 and α = 0.2, replicating the SNR observed in experimental fluorescence videos of Hydra
vulgaris neurons [65]. In Chapter IV.3.4, we investigate the impact of image quality on tracking
performance by varying both ∆ and α across a broad range of values.

For each experiment, five random videos are generated using the same parameters but
different random seeds. In the tables (and figures), we report the mean and standard deviation
(for tables) or the 99.7% confidence interval (for figures) over these five random videos.

IV.3.1.2 Hydra Vulgaris Data

Then we validate our method by tracking the neurons of the cnidarian Hydra vulgaris within a
time-lapse calcium imaging sequence (Figure IV.6-b). The dataset consists of 200 frames with
manually partially annotated ground-truth tracks, containing N = 620 tracked neurons [10].
Because of manual annotations, tracks may exhibit strong staircasing motions, their position
being updated only once every few frames. Therefore, the ground-truth track positions are
further smoothed by assuming Gaussian positional noise and applying an optimal Rauch-Tung-
Striebel (RTS) smoother [168].

Since neurons are integral part of the animal tissue, spatially close neurons should share
similar motions (see left panel of Figure IV.6-b). We found that tracks exhibiting significant
deviations from their neighbors’ motion were erroneous. To minimize errors introduced by
manual annotation of neuron tracks, we assess the deviation between each annotated track and
the average motion of its neighbors. Specifically, let dwi

t represent the ground truth velocity of
track i at frame t, and let N(i) denote the list of the 10 closest neighboring tracks of i. The
average velocity of the neighbors is given by:
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dwN(i)
t = 1

10
∑

j∈N(i)
dwj

t

Track i is removed if there exists a frame t such that the deviation in velocity exceeds 1
pixel:

∣∣∣∣∣∣dwi
t − dwN(i)

t

∣∣∣∣∣∣ > 1 pixels per frame

We manually inspected the tracks removed during preprocessing and found that all but one
of the 44 discarded tracks were erroneous. After this cleaning step, a total of N = 576 ground-
truth tracks remained. We refer to this curated dataset as the Hydra vulgaris data in the results
section. Despite the cleaning process, this dataset remains flawed for MOT evaluations: many
tracks follows mostly undetectable neurons, and several visible neurons are not annotated. In
particular, the wavelet detection method [24] which reaches around 80% F1 score on other fully
annotated frames [1], only reaches around 30% F1 score here, preventing any consistent linking.
Consequently, in the experiments, only the virtual detection process will be used (described in
the following section), allowing to measure the linking performances of our algorithms.

In all datasets used in this study, including both synthetic data and real neuronal recordings,
the tracked targets exhibit approximately circular shapes with a typical radius of r ≃ 2 pixels.

IV.3.2 Optical Flow Selection

Table IV.1: RMSE for different optical flow algorithms on synthetic and experimental datasets.
Frame per second (FPS) are computed on the Hydra vulgaris dataset, using only the central
processing unit of the computer.

Optical flow Springs 2D Hydra Flow Hydra vulgaris [10] FPS
None 1.41± 0.14 1.40± 0.23 0.61 /
TV-L1 [143,144] 0.79± 0.03 0.50± 0.07 0.23 8
Farneback [179] 0.69± 0.03 0.66± 0.02 0.21 27
RAFT [147] 1.32± 0.11 1.06± 0.09 0.33 2
VoxelMorph [140] 1.10± 0.03 1.19± 0.03 0.40 40

KOFT can be implemented with any optical flow algorithm. In this section, we compare
several state-of-the-art methods and explain how we select the optical flow algorithm for the
tracking experiments that follow.

We evaluate four dense optical flow algorithms on both experimental and synthetic datasets:
(1) Farneback [179], that estimates displacement fields by modeling local neighborhoods with
polynomial expansions, (2) Total Variation L1 (TV-L1) [143, 144], which solves an optimiza-
tion problem under regularization constraints, (3) Recurrent All-Pairs Field (RAFT) [147], a
supervised deep learning approach trained on independent synthetic data, and (4) Voxel-
Morph [140], an unsupervised deep learning method that we train on our own data, as it does
not require annotations.
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(a) (b)

Figure IV.3: Frame-to-frame errors obtained with different optical flow methods on Hydra
Flow synthetic videos. In the videos, the animal contracts at times t = 100, 170, 190, increasing
locally the errors of the different methods. (a) Temporal evolution of the Root Mean Squared
Errors (RMSEt) (b) Distribution of frame-to-frame errors (log-scaled)

To speed up computations and enhance noise robustness, all images are first smoothed using
a Gaussian filter with a σ = 1 pixel and then downscaled by a factor of 4 (resulting in frames
of size 256× 256 pixels).

For each algorithm, we tuned the parameters manually as described in the following:

• TV-L1 [143, 144]: We use the OpenCV implementation [181]. We reduced the regu-
larization weight manually to λ = 0.05 (instead of its default value of 0.15). All other
parameters are kept at their default values.

• Farneback [179]: We utilize the OpenCV implementation [181]. We adjusted the window
size to 20 pixels (instead of its default value of 13) while leaving all other parameters at
their defaults.

• RAFT [147]: We use the RAFT-small model from the official implementation [147]. Since
the pre-trained RAFT model performs poorly with 256 × 256 images, we downscale the
images by a factor of 2 only in that case.

• VoxelMorph [140]: We train the unsupervised VoxelMorph model on five different
videos: one experimental Hydra vulgaris video from [10], two Hydra Flow synthetic videos,
and two Springs 2D synthetic videos. The model is trained on randomly sampled frame
pairs from these videos until convergence.

The performance of the optical flow algorithms is evaluated by measuring a frame-to-frame
optical flow prediction error. For each track i at time t, its ground truth position wi

t is propa-
gated to the next frame using the computed optical flow Φt,t+1(wi

t) between frames t and t + 1.
The frame-to-frame error is defined as the Euclidean distance between the predicted position
wi

t + Φt,t+1(wi
t) and the ground truth position on the next frame wi

t+1:

e(i, t) = ∥wi
t + Φt,t+1(wi

t)−wi
t+1∥2 (IV.22)
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To aggregate errors on each frame, we use a Root Mean Squared Error (RMSE) approach, for
each frame t ≤ T − 1, we define the RMSEt as:

RMSEt =

√√√√ 1
N

N∑
i=1

e(i, t)2 (IV.23)

Similarly, to aggregate errors for a single video, we use a global RMSE on the video defined as:

RMSE =

√√√√ 1
N(T − 1)

N∑
i=1

T −1∑
t=1

e(i, t)2 (IV.24)

Table IV.1 summarizes the results for each optical flow algorithm. Across all methods, we
observe that the average distance between the optical flow propagated position wi

t + Φt,t+1(wi
t)

and the ground truth position wi
t+1 is smaller than the distance between consecutive ground

truth positions wi
t and wi

t+1, i.e. without optical flow correction (None in Table IV.1). For
both simulated and experimental data, we also find that TV-L1 and Farneback outperform
the deep learning methods (RAFT and VoxelMorph).

Next, we focus on the errors made by each method in the Hydra Flow simulation, which
accounts for the large contraction cycles of Hydra vulgaris. These large deformations do not
occur in the 200-frame experimental movie that was manually annotated (Hydra vulgaris data).
We find that Farneback is more resilient to these large contractions compared to the other
methods, including TV-L1 (Figure IV.3-a). Additionally, the distribution of optical flow errors
(Figure IV.3-b) shows that large errors (greater than 4 pixels) are less likely with Farneback
than with the other methods, which exhibit a longer tail in the error distribution. We also
observe that all methods, except TV-L1, tend to produce small errors (below 1 pixel) when the
animal motion is minimal. For instance, outside of the large contractions shown in Figure IV.3-
a, VoxelMorph shows a higher RMSE (an increase of 1 pixel on average) compared to when
no optical flow is used. This overestimation of animal deformation is likely due to regularization
artifacts.

Based on this preliminary comparative study, we select the Farneback algorithm for optical
flow implementation in our tracking algorithm. Farneback strikes a good balance between
performance and computational efficiency, being 3 to 4 times faster than TV-L1. Moreover,
Farneback is particularly robust to large animal movements, such as Hydra contractions,
making it a better choice for tracking under in vivo conditions.

IV.3.3 Tracking

IV.3.3.1 Experimental Setup

To measure the accuracy of computed tracks, we use the Higher Order Tracking Accuracy
(HOTA) metric [180], which accounts for localization, detection, and association performance
(see Chapter III). We use a matching tolerance of r pixels, meaning that a predicted track
is considered correctly associated with a ground-truth object only if its position lies within r
pixels of the ground truth. In practice, we set r = 2.0 pixels, corresponding to the typical size
of the targets. Tracks deviating beyond this distance are considered biologically erroneous as
they may compromise subsequent analyses.

We compare the performance of KOFT with that of the basic Kalman filter SKT, and
KOFT--, where position and velocity are updated simultaneously. Additionally, we evaluate the
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performance of two widely-used tracking algorithms: enhanced Multiple Hypothesis Tracking
(eMHT) [26] from Icy software [50] and u-track [27] from TrackMate/Fiji software [51,128].

eMHT is a probabilistic algorithm based on multiple motion models (IMM), which proba-
bilistically handles tracks and uses a multiple hypothesis association method. Due to the high
object density in our tracking datasets, we limit the decision tree depth for multiple hypothesis
association to τdepth = 3 frames. u-track is a global distance minimization algorithm solved in
two steps (frame-to-frame linking followed by tracklet stitching). We use the advanced version
that models motion with Kalman filters [51,128].

Each method depends on pre-detection of objects. To isolate the impact of the detection
method, we implemented an artificial fake detector, which uses the ground-truth positions to
generate detections with known positional noise (σpos = 0.5 pixels) and fixed false negative
(FNR) and false positive rates (FPR). The fake detector is denoted as Fake@F1, with FPR =
FNR = 1− F1. Additionally, we use the wavelet denoising and thresholding method described
in [24], which achieves approximately 80% recall and precision in our synthetic dataset (see the
following Section).

All tracking algorithms are parameterized with an association cost limit parameter, η, to
prevent the linking of tracks with unlikely detections. For each method, we report the perfor-
mance metrics obtained with the best threshold η, found through grid search.

The implementations of KOFT and SKT are based on the Python library ByoTrack [22].
Data and code are available at https://gitlab.pasteur.fr/bia/projects/koft. All Kalman
filters in SKT and KOFT use the following parameters:

• We use the directed motion model, which is suited for this use-case.

• The process noise is set to σmov = 1.5 pixels. This ensures that the Kalman filter expects
the velocity of a track to change by no more than 3σp ≃ 5 pixels between consecutive
frames, which is consistent with motions observed in our experimental datasets.

• The noise on positional and velocity measurements is set to σpos = σvel = r pixels, which
is the typical size of tracked objects in these experiments.

• We fix τmin = 3 to be robust to false detections and use τmax = 6, allowing to bridge over
6 consecutive missed detections.

IV.3.3.2 Tracking Performance on Synthetic Videos

We begin by comparing the performance of tracking algorithms on synthetic videos generated
using the SINETRA method [65]. The experiments are conducted using the Springs 2D and
Hydra-Flow scenarios (see Chapter IV.3.1.1). Fluorescent spot detection is performed with a
wavelet denoising and thresholding algorithm [24], resulting in F1-scores of 88.9± 1.4% for the
Springs 2D scenario and 84.1±2.0% for the Hydra-Flow scenario. The lower detection accuracy
in the Hydra-Flow scenario is attributed to the frequent contractions of the animal, which cause
spot aggregation.

In Table IV.2, we present the HOTA metric for the different tracking algorithms. We observe
that incorporating optical flow estimation of object velocity significantly improves tracking
performance in both KOFT-- and KOFT. The latter outperforms the former thanks to its two-
step track state update. In the Springs 2D scenario (and similarly in the Hydra-Flow scenario),

https://gitlab.pasteur.fr/bia/projects/koft
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Table IV.2: Tracking performance (HOTA at 2 pixels tolerance [180]) on synthetic videos.
Frame per second (FPS) are computed on the same laptop and do not account for the detection
process.

Scenario Springs 2D Hydra Flow FPS
u-track (Fiji) [27, 51,128] 80.4± 4.3% 69.0± 3.5% 25
eMHT (Icy) [26,50] 82.9± 2.8% 75.8± 5.3% 2
SKT (ours) 80.5± 3.6% 72.8± 3.8% 25
KOFT-- (ours) 90.2± 1.8% 84.6± 2.5% 10
KOFT (ours) 92.5± 1.5% 87.9± 1.9% 10

(a) (b)Springs 2d simulations Hydra Flow simulations

(%
)

(%
)

Figure IV.4: Tracking performance on synthetic videos. The HOTA metric [180] with
2 pixels tolerance is reported with respect to detection accuracy (Fake@F1). The light-colored
envelope around each curve corresponds to the 99.7% confidence interval over M = 5 simulations.
(a) Results on Springs 2D synthetic videos (b) Results on Hydra Flow synthetic videos

KOFT achieves 92.5% HOTA (respectively 87.9% HOTA), whereas the best tracking algorithm
without optical flow velocity updates, eMHT, achieves only 82.9% HOTA (respectively 75.8%
HOTA). Additionally, we observe that rapid animal contractions result in more tracking errors,
with a consistent drop in tracking performance (approximately a 5% decrease in HOTA) in the
Hydra-Flow scenario compared to the Springs 2D scenario.

Regarding computational load, u-track and SKT are significantly faster than the other
methods, achieving 25 frames per second (FPS) in our configuration. Despite the inclusion of
optical flow computation (using the Farneback [179] method from OpenCV [181], which runs
at 27 FPS), both KOFT and KOFT-- maintain relatively efficient performance at 10 FPS. In
comparison, eMHT, which employs a multiple hypothesis framework for linking detections to
tracks, runs at a lower frame rate (2 FPS).

To isolate the impact of the detection method and assess the robustness of the tracking algo-
rithms, we use the artificial fake detector (see Chapter IV.3.3.1) and evaluate the performance of
the tracking algorithms under varying levels of detection error (Figure IV.4). Among standard
tracking algorithms, i.e., those without optical flow estimation of object velocity, we first note
that u-track [27,51,128] is slightly more accurate than SKT. Since both algorithms are based
on the same Bayesian filter, this slight difference likely arises from u-track’s better handling of
track creation, association, and termination compared to SKT. However, both algorithms are
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Figure IV.5: Temporal projection of tracks from a Hydra-Flow synthetic video spanning 50
frames, centered around a contraction event (frames 90 to 140, with the contraction occurring
at t = 100). Detection is performed using wavelet denoising and thresholding [24]. Black
arrows highlight a selection of tracks during the animal’s contraction, where KOFT successfully
maintains track consistency, while standard methods (SKT and eMHT) fail.

outperformed by eMHT [26, 50], especially in conditions with poor detection quality (Fake@
less than 80%), owing to the multiple hypothesis association implemented in eMHT.

In these experiments, we again observe that updating object velocity using optical flow
estimation in KOFT and KOFT-- leads to improved tracking accuracy, in particular with low-
quality detection. Notably, KOFT maintains HOTA above 80% across all detection accuracies,
effectively reducing tracking errors by nearly a factor of two in all conditions. For example,
errors with standard tracking algorithms, i.e., those without optical flow velocity estimation,
exceed 25% at Fake@80%, whereas errors with KOFT remain below 10% in both the Springs
2D and Hydra-Flow simulations.

In the KOFT-- algorithm, velocity is updated only for linked tracks through a single Kalman
update that incorporates both position and velocity. In contrast, KOFT updates both linked
and non-linked tracks with optical flow velocity estimations, thanks to its dual-step update
that decouples position and velocity updates (see Chapter IV.2.2). This approach makes KOFT
more robust to missed object detections, significantly improving tracking performance under low
detection accuracy (Fake@ below 80%). For instance, in the Hydra-Flow scenario at Fake@70%,
KOFT-- achieves 70.7% HOTA, while KOFT maintains a higher HOTA of 90.1%.

To visualize the errors made by the different tracking algorithms, we temporally project
object tracks in a Hydra-Flow simulation (see Figure IV.5). As the animal contracts, tracking
becomes particularly challenging in the animal’s tentacles, located in the top-right corner of
the projection. In this region, object acceleration reaches up to 10 pixels per frame2 at time
t = 100. All standard algorithms, which do not update velocity using optical flow, either
lose tracks or incorrectly associate them. In contrast, the tracks produced by KOFT remain
spatially consistent and are much more resilient to these sudden motions.

This initial set of tracking experiments using synthetic simulations demonstrates that incor-
porating object velocity estimation and updates via optical flow significantly enhances tracking
accuracy compared to standard Bayesian filtering, across various simulation scenarios and a
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wide range of detection accuracies.

IV.3.3.3 Tracking Neurons in Hydra Vulgaris

To compare KOFT with other tracking algorithms on experimental data, we use fluorescence
calcium imaging of the cnidarian Hydra vulgaris and manually annotated neuron tracks over
200 frames (20 s at 10 Hz imaging; see section IV.3.1.2).

In Figure IV.6-a, we report tracking accuracy (HOTA at 2 pixels tolerance) for various
tracking methods as a function of increasing detection quality (Fake@F1; see section IV.3.3.1).

The standard filtering algorithms, u-track and SKT, are the least performant on this
experimental dataset, with HOTA starting at ∼ 38% for SKT and ∼ 50% for u-track at
Fake@60%, and remaining below ∼ 80% up to Fake@80%. The multiple hypothesis eMHT
performs better, with HOTA increasing from ∼ 60% (Fake@60%) to ∼ 90% (Fake@80%). No-
tably, these performances slightly outperform those obtained in synthetic simulations for the
Hydra Flow scenario (Figure IV.4-b). For instance, HOTA scores for u-track and eMHT in-
crease by 5.2% and 17.1%, respectively, with Fake@80% detections in the experimental dataset
compared to the simulations. This improvement likely results from the smaller frame-to-frame
deformations of the animal in the experimental data compared to simulations: the frame-to-
frame RMSE without optical flow correction (referred to as None in Table IV.1) is 1.40 pixels
for Hydra Flow sequences versus 0.61 pixels for the experimental Hydra vulgaris data.

The incorporation of optical flow estimation of object velocity further improves tracking
performance. The KOFT HOTA increases from ∼ 83% (Fake@60%) to ∼ 100% (Fake@100%).
Notably, at Fake@80%, KOFT makes half as many errors (4% error) as eMHT (8% error).
Figure IV.6-b illustrates how our method successfully tracks neurons in Hydra vulgaris, including
in challenging regions such as the densely packed foot and the highly dynamic tentacles. This
underscores the effectiveness of KOFT for experimental data, particularly for tracking neurons
in live animals.

IV.3.4 Impact of imaging noise on optical flow and KOFT accuracy

The performance of KOFT relies heavily on the accuracy of optical flow estimates for animal
deformation and object velocity. In this section, we investigate how image quality affects optical
flow estimations and KOFT accuracy by varying the parameters α (object visibility coefficient)
and ∆ (integration time) in the synthetic movie generator SINETRA [65] (Figure IV.2).

First, we assess the impact of image quality on optical flow estimation using the Farneback
algorithm (Figure IV.7-a). The frame-to-frame RMSE between the ground-truth deformation
and optical flow estimation increases with higher Poisson shot noise (lower ∆) and lower visibility
coefficients (α), i.e., when the target brightness is low relative to the background intensity. For
low values of α and ∆ (e.g., α ≤ 0.3 for ∆ = 5.0 and α ≤ 0.1 for ∆ = 50.0), we observe that
the RMSE after optical flow correction exceeds that of the no-correction baseline (Φ = 0). This
suggests that, for very noisy images, using optical flow to update object velocity may actually
impair tracking accuracy. As we will show below, the σvel parameter in our KOFT algorithm
accounts for this risk and mitigates its impact.

We next evaluate the impact of image quality and the resulting optical flow degradation on
the tracking accuracy (HOTA metric) of KOFT (Figure IV.7-b). To disentangle the effects of
image quality on optical flow estimation and object detection, we use an artificial detector and
set the detection quality to Fake@80%. The Kalman filter framework of KOFT accounts for
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Figure IV.6: Tracking performance on the Hydra vulgaris experimental dataset. (a)
HOTA metric comparison for different tracking algorithms as a function of detection quality
(Fake@F1). (b) Temporal projections of tracks overlaid on the first frame of the video. The
Hydra begins elongating at frame 30 and continues until frame 200. The cleaned ground-truth
(left) and the KOFT (right) tracks are shown for comparison. KOFT successfully tracks most
neurons, including those in challenging regions of the animal such as the foot and tentacles
(indicated by white arrows).
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(a) (b)
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Figure IV.7: Optical flow (Farneback) and KOFT accuracy for different image
qualities. (a) Frame-to-frame RMSE of optical flow computed using the Farneback algorithm
[179] on synthetic images (Springs 2D scenario) for increasing object visibility coefficient α.
Three different integration times, ∆ = 5.0 (blue), ∆ = 50.0 (orange), and ∆ = 500.0 (green),
are considered. The RMSE without optical flow correction (Φ = 0) is displayed as a red
baseline. (b) Tracking performance (HOTA at 2-pixel tolerance [180]) of KOFT on Springs
2D synthetic videos, for increasing object visibility coefficient α and three different values of
integration time ∆. We use a fake detector (Fake@80%). Two implementations of KOFT are
compared: one with high confidence in the measured velocities (lower σvel = 1, solid lines) and
one with low confidence (higher σvel = 5, dashed lines). The light-colored envelope around each
curve represents the 99.7% confidence interval over M = 5 simulations.

the uncertainty in optical flow estimation under noisy conditions by incorporating the standard
deviation σvel of velocity estimates (Eq. IV.15). By default, σvel is set to 2 pixels per frame but
can be adjusted based on image noise and the accuracy of optical flow estimates.
We consider two scenarios:
1. A low uncertainty scenario with σvel = 1.0 pixel per frame, suited for high image quality and
accurate optical flow estimation.
2. A high uncertainty scenario with σvel = 5.0 pixels per frame, adapted to noisy conditions
where optical flow computation may be erroneous.
In both cases, we observe that tracking performance (HOTA) decreases with increased imaging
noise (lower α and ∆ values) and the associated degradation of optical flow estimates.

When using a large uncertainty (σvel = 5.0 pixels per frame), KOFT shows increased
resilience to imaging noise and consistently outperforms SKT, except under the most extreme
imaging conditions (α = 0.02 and ∆ = 5.0). Notably, even when the frame-to-frame RMSE is
worse than the baseline without optical flow correction (Φ = 0) (as shown in red in Figure IV.7-
a), KOFT successfully incorporates noisy flow estimates into the track states, outperforming
the baselines. For instance, it achieves 72.9% HOTA at α = 0.2 and ∆ = 5.0, outperforming
SKT, u-track, and eMHT, despite an optical flow RMSE of 2.43 pixels (approximately 70%
larger than without optical flow correction).

In contrast, for high image quality and accurate optical flow estimates, KOFT with large
uncertainty (σvel = 5.0 pixels per frame) shows limited performance. For example, with the
default configuration (α = 0.2 and ∆ = 50.0) and a low RMSE for optical flow (0.69 ± 0.03),
KOFT with high uncertainty achieves 75.4% HOTA, whereas it reaches 96.0% HOTA with
a lower σvel = 1.0, reflecting higher confidence in velocity updates. However, in this high-
confidence scenario (σvel = 1), noisy flow estimates significantly decrease tracking performance
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(b)(a)

Figure IV.8: Error distributions for position and velocity sensors on a synthetic Springs 2D
video. A Gaussian fit (green) is overlaid for comparison. Conditional error distributions are
also shown to assess the independence assumption. (a) Position error distribution. (b) Velocity
error distribution.

when α ≤ 0.1 and ∆ < 50.

These experiments demonstrate that KOFT outperforms standard tracking solutions across
a wide range of noise levels, particularly when σvel is adjusted to match the image quality and
the accuracy of optical flow estimates. For practical purposes, we find that the default setting
of σvel = 2.0 provides a good balance between performance and robustness.

IV.3.5 Sensor Independence

In KOFT, we assume that the position and velocity measurements, denoted by zpos
t and zvel

t

respectively, are statistically independent for each track at time t. To empirically validate this
assumption, we use the SINETRA dataset [65] and apply the Wavelet detection algorithm [24]
to obtain position measurements and the Farneback optical flow algorithm [179] to estimate
velocities.

For each ground-truth track i, we have access to its true position wi
t and true velocity dwi

t

(computed via forward finite differences) at every frame t < T . The measurement errors for
position and velocity are defined as:

ϵi,pos
t = wi

t − zi,pos
t , ϵi,vel

t = dwi
t − zi,vel

t . (IV.25)

In our Kalman filtering framework (Chapter IV.2.2), these error terms are modeled as inde-
pendent Gaussian variables. To test this assumption, we compute the empirical cross-correlation
matrix C ∈ Rd×d:

C = 1
N(T − 1)

N∑
i=1

T −1∑
t=1

ϵi,pos
t · ϵi,vel

t

T
. (IV.26)

If the independence assumption holds, the entries of C should be close to zero.

We compute C on both the Springs 2D and Hydra flow scenarios and find that the maximum
empirical correlation across all entries is max(C) = 0.003, observed between the x-components
of position and velocity. This is notably smaller than the correlations observed within each
modality (e.g., 0.005 between x and y components of position, and 0.01 for velocity), and
negligible compared to the measurement noise variances σ2

pos and σ2
vel.
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Figure IV.8 shows the distributions of the position and velocity errors in the Springs 2D
scenario using the Wavelet and Farneback algorithms. As shown, these distributions are
approximately Gaussian, and the conditional distributions ϵvel | ϵpos > 0.5 and ϵpos | ϵvel > 0.5
closely matches the marginal distribution, further supporting the independence assumption.

IV.4 Discussion
In this chapter, we introduce KOFT, a novel multi-sensor tracking approach that enhances
Multiple Object Tracking (MOT) in noisy fluorescence images, particularly under challenging
conditions of high object density and abrupt motion changes. A key innovation of KOFT is
the use of dense optical flow as an additional sensor for estimating object velocity, which com-
plements standard position measurements from object detections. This velocity information is
integrated into a Kalman filtering framework, enabling the system to anticipate sudden or irreg-
ular object displacements that traditional models, relying solely on past positions, struggle to
predict. By combining both detection and optical flow measurements, KOFT improves tracking
accuracy and robustness. The resulting displacement prediction represents an optimal trade-off
between motion continuity inferred from past frames and real-time velocity observations derived
from optical flow.

We benchmarked KOFT against several state-of-the-art tracking algorithms using synthetic
data from the SINETRA simulation framework [65]. Our results demonstrate that KOFT sig-
nificantly enhances tracking performance across a wide range of scenarios, reducing tracking
errors by at least a factor of two. We also validated the performance of KOFT on real-world
calcium imaging data of Hydra vulgaris neuronal activity. This application is particularly chal-
lenging due to the animal’s large and sudden contractions. The ability to track neurons in
behaving animals is a critical step in understanding neuronal activity in response to environ-
mental cues [28, 182]. Given these challenges, KOFT represents a substantial improvement in
the robust monitoring of neuronal activity across various animal models.

The accuracy of optical flow for estimating object motion is influenced by imaging conditions,
such as fluorescence noise. As expected, we observed that the tracking performance of KOFT
deteriorates when optical flow fails to reliably predict object motion. To mitigate the risk of
erroneous motion estimation and tracking errors, the velocity measurement noise, σvel, is a key
parameter in our Kalman filter model (Eq IV.15). By increasing σvel, the confidence in the
optical flow measurements is reduced, which enhances the robustness of KOFT under noisy
conditions.

In KOFT, detection associations are iteratively solved frame by frame through an efficient
likelihood maximization process. More complex and principled techniques, such as multiple
hypothesis tracking (MHT), with a complete Bayesian formulation [26] should further improve
accuracy (see Chapter V). However, they would come at a higher computational cost. Alterna-
tively, integrating interactive multiple models (IMM) [57] could increase robustness by enabling
automatic selection of the most efficient Kalman filter model, further enhancing performance
under challenging conditions.





Chapter V

KOFT-MHT: Bayesian and Multiple
Hypothesis Tracking Framework

In the previous chapter, we demonstrated the benefits of incorporating optical flow as an aux-
iliary sensor in Kalman filter-based trackers. We introduced the SKT and KOFT algorithms,
two frame-by-frame online linking methods (see Chapter II.1.3.3) that rely on Kalman filter-
ing (augmented with optical flow in KOFT) to compute association likelihoods, followed by a
maximum-likelihood solution using the Hungarian algorithm.

In this chapter, we extend this idea to a fully principled Bayesian tracking framework based
on Multiple Hypothesis Tracking (MHT), which explicitly accounts for a-priori in data associ-
ation. We evaluate our approach on the synthetic datasets introduced in Chapter III, and show
that our Bayesian implementation substantially improves tracking accuracy, particularly under
noisy detection conditions.

This work will be submitted at the IEEE ISBI 2026 conference.

V.1 Introduction

Bayesian trackers, and in particular Multiple Hypothesis Trackers (MHT), have demonstrated
strong robustness in biological object tracking, often outperforming frame-by-frame and distance-
based approaches [26,132,134].

In the previous chapter, we introduced a novel Bayesian motion model based on Kalman
filtering enhanced with optical flow. We initially integrated this model into a frame-by-frame
linking algorithm, KOFT, that maximizes the association likelihoods (and de facto ignore as-
sociation priors). KOFT already surpassed more complex Bayesian trackers on Hydra-like
datasets, owing to the additional motion information provided by the optical-flow-enhanced
Kalman filter.

We hypothesize, however, that incorporating this enhanced motion model into a fully princi-
pled Bayesian tracker would yield further improvements. To test this, we developed a Bayesian
tracking framework grounded in Track-Oriented MHT [129, 131] and proposed two new algo-
rithms. The first integrates standard Kalman filtering into the Bayesian framework, serving as a
validation of our MHT implementation; we refer to this tracker as the SKT-MHT. The second
builds on the same framework but replaces the motion model with our optical-flow-enhanced
Kalman filter; we call this method KOFT-MHT.

99
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In this chapter, we first describe the design of our Bayesian tracking framework, with par-
ticular emphasis on user-friendly a-priori parameters that can be set with minimal expertise.
We then leverage the SINETRA synthetic simulator to evaluate our framework and compare
SKT-MHT and KOFT-MHT against state of the art biological MHT approaches and our pre-
vious frame-by-frame algorithms, SKT and KOFT. Finally, we investigate the influence of key
parameters, including the MHT tree depth and the few a priori probabilities required by our
Bayesian formulation.

Our experiments show that the Bayesian framework equipped with standard Kalman filtering
already outperforms other MHT implementations using comparable motion models. Further-
more, when combined with the optical-flow-enhanced model, our Bayesian tracker significantly
outperforms all alternatives on SINETRA, including KOFT. Importantly, we also demonstrate
that our implementation is robust to parameter choices, enabling practical use even with ap-
proximate manual tuning by non-expert users.

V.2 Bayesian Multiple Object Tracking

Symbol Description
t, τ Temporal indices
i, j Target index, Detection index
T Number of frames in the video
d Spatial dimension of images (Usually, d ∈ {2, 3} for 2D and 3D images)
I1:T = (I1, . . . , IT ), a video of T images (frames)
N Number of targets in the video
Mt Number of detections on frame t

dx Dimension of the state space used for targets
dz Dimension of the measurement space (a common case is dz = d, when

measurements are positions)
xi

t ∈ Rdx , state vector of the ith target at time t.
zj

t ∈ Rdz , measurement vector of the jth detection at time t

Xt = (x1
t , . . . , xN

t ), states of all the targets at time t

X1:T = (X1, . . . , XT ), states of all the targets on all the frames
Zt = (z1

t , . . . , zMt
t ), all the detections measurements at time t

Z1:T = (Z1, . . . , ZT ), all the detections
Jt = J1, MtK, detections indices at time t

P1(Jt) = {γt ⊂ Jt | |γt| ≤ 1}, set of all the singletons of Jt and the empty set
∅.

Ω(T )
⊗T

t=1 P1(Jt), set of all feasible associations between targets and detec-
tions under the 1-to-1 association assumption

γi
t ⊂ Jt, set of the associated detections indices to the ith target at time t

γi
1:T ∈ Ω(T ), all the associations for the ith target ("track"). Abbreviated γi.

Γ1:T = (γ1, . . . , γN ) ⊂ Ω(T ), the set of tracks (track-oriented notations).
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Ω(t + τ | Γ1:t) ⊂ Ω(t+τ), feasible tracks up to frame t+τ that matches with confirmed
tracks Γ1:t up to frame t.

Ht(τ) ⊂ Ω(t + τ | Γ1:t), considered association hypotheses in the MHT frame-
work.

ti
b, ti

d ∈ J0, T K, the first (birth) and last (death) frame of appearance of the
target i.

Jb
t ∪ J f

t ∪ Ja
t = Jt, partition of the Mt detections on frame t into Mb

t that initiate new
tracks, M f

t false positives and Ma
t associated detections to a previously

existing tracks.
Γc

t ⊂ J1, NK, active ”candidate” track indices on frame t (i.e. ti
b ≤ t ≤ ti

d)
Γd ∪ Γm ∪ Γa ∪ Γb = Γc

t , partition of the N c
t candidate tracks into Nd

t tracks that termi-
nates, Nm

t miss-detected tracks, Na
t associated tracks and Nb

t newly
initiated tracks.

pd ∈ [0, 1], target termination probability
pb ∈ [0, 1], target birth rate
pm ∈ [0, 1], miss-detection probability
pf ∈ [0, 1], false positive track probability
λb ∈ N, expected number of birth per frame
λf ∈ N, expected number of false positives per frame
η ∈ R+, association threshold below which assignments are not considered
P(·), p(·) Discrete probability and continue density distribution
B( · ; p) Bernoulli distribution with probability of success p

B( · ; p, n) Binomial distribution with n trials and probability of success p

N ( · ; µ, Σ) Multivariate Gaussian distribution with mean µ and covariance Σ
P( · ; λ) Poisson distribution distribution with mean λ

In this Section, we first recall the Bayesian tracking framework introduced in Chapter II.
We then introduce the notations and derive the factorization of the posterior tracking objective,
before presenting our resulting Multiple Hypothesis Tracking (MHT) solution.

In Bayesian Multiple Object Tracking, each target i is modeled by a hidden state vector
xi

t ∈ Rdx that evolves over time. The total number of targets N is unknown and must be inferred
jointly with their states. The goal of a Bayesian tracker is to estimate the most probable joint
sequence of states

X1:T =
(
xi

t

)
1≤i≤N
1≤t≤T

given the observed video frames I1:T . This can be formulated as a Maximum A Posteriori
(MAP) estimation:

X⋆
1:T ∈ arg max

X1:T

P(X1:T | I1:T ) (V.1)

In practice, modeling the full image generation process is extremely challenging due to
background clutter, imaging noise, occlusions, texture variations, and depth information, which
may not be modeled in the state vectors. Some works such as [58] attempt to address this by
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modeling targets as Gaussian spots with additive background, but such methods remain rare
and may struggle with more complex images.

Instead, most practical Bayesian tracking algorithms adopt a tracking-by-detection paradigm,
wherein a detector is first applied to the images to extract a set of measurements:

Z1:T = Detector(I1:T ) (V.2)

Each Zt is an arbitrarily ordered set of detection vectors zj
t ∈ Rdz encoding positional and

appearance features (e.g. location, bounding box, shape, intensity, deep visual descriptors).
The Bayesian tracking problem then reduces to:

X⋆
1:T ∈ arg max

X1:T

P(X1:T | Z1:T ) (V.3)

where detections serve as proxies for the true observations. Despite this simplification, evaluat-
ing the likelihood P(Z1:T | X1:T ) remains difficult, as it requires to model both the measurement
process (the detector) and resolving ambiguous data associations — i.e., determining which de-
tection corresponds to which target.

To mitigate this, most BMOT approaches introduce a latent association variable Γ1:T en-
coding the assignment of detections to tracks (formally detailed below). The MAP problem is
then decoupled into two subproblems:

1. Association estimation:

Γ⋆
1:T ∈ arg max

Γ1:T

P(Γ1:T | Z1:T ) (V.4)

2. State estimation:
X⋆

1:T ∈ arg max
X1:T

P(X1:T | Γ⋆
1:T , Z1:T ) (V.5)

In the following sections, we first introduce the necessary notations (Section V.2.1) that
allow us to reformulate Equation V.4 into a factorized form (Section V.2.2). This reformulation
provides the foundation for our proposed Multiple Hypothesis Tracking (MHT) solver (Sec-
tion V.2.3). We then present simple estimators that reduce the number of free parameters and
simplify the overall parametrization of the method (Section V.2.4). The resulting MHT solver
is independent of the choice of motion model. We therefore reuse the motion models developed
in Chapter IV, and specify the key details required to integrate them into our MHT framework
(Section V.2.5). Finally, we address the state estimation problem (Eq. V.5), a step that is often
overlooked, and provide a principled solution (Section V.2.6).

V.2.1 Notation

We use i to index tracks, j for detections, and t for frames. Each frame t contains Mt detections
indexed by Jt = J1, MtK. The full sequence of detection index sets is J1:T = (Jt)1≤t≤T .

A track for target i is represented as γi
1:T = (γi

t)1≤t≤T , where:

∀t ∈ J1, T K , γi
t ⊂ Jt (V.6)

and γi
t is the subset of detections assigned to target i at time t. This formalism is illustrated in

Figure V.1.
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Figure V.1: Illustration of the Bayesian tracking framework formalism (repeated
for clarity from Chapter II, with additional precisions), highlighting key challenges in object
tracking: false positives, missed detections, and target/detection splitting.
(a) Detections on four frames are shown, with arbitrary indexing from top to bottom. The
circle target is missed on frame 2, and false positive detections (shown as rectangles) appear on
frames 2 and 4. On frame 3, two detections (1 and 2) correspond to the same circle target (i.e.,
a split detection).
(b) Detections sets Z1:4 corresponding to the top-left panel.
(c) True labeling of detections using our track-oriented formalism. Each track is associated
with unique color (see on bottom left panel), while red denotes the set of false positives. For
instance, the track 1 (circle, purple) starts on frame 1 with the detection first detection z1

1
(γ1

1 = {1}), it is miss-detected on frame 2 (γ1
2 = ∅), then associated to the two first detections

of frame 3 (γ1
3 = {1, 2}) and finally associated to z1

4 (γ1
4 = {1}). Note that if our notations

allow split detection, our proposed MHT solver assumes the 1-to-1 association between tracks
and detections, and will have to associate track 1 with a single detection on frame 3, while
classifying the other as false positive. The matching between γ1 and detections is illustrated
by purple arrows. A birth event occurs for the pentagon target on frame t3

b = 2, and a death
event for the star target on frame t2

d = 2. On frame 4, the pentagon undergoes a target splitting
event, producing two new targets (4 and 5).
(d) Detections are shown with their associated track identifier. Again, each color represents
a unique target, while red denotes false positives: e.g., detections 2 on frames 2 and 4 are
unassigned. On frame 2, the detection indices J2 = {1, 2, 3} are partitioned into J f

2 = {2}, Jb
2 =

{3} and Ja
2 = {1}, indicating that the first detection (star) is associated, the second (rectangle)

is false, and the third (pentagon) correspond to a track initiation. Similarly, the candidate
tracks Γc

2 = {1, 2, 3} are partitioned into Γd
2 = ∅, Γm

2 = {1}, Γa
2 = {2} and Γb

2 = {3}, indicating
that the first track (circle) is missed, the second track (star) is associated, and the third track
(pentagon) was born on this frame.
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This general formalism allows modeling of missed detections, false positives, track births
and deaths, as well as split and merged detections. However, for factorization and optimiza-
tion purposes (see Chapter V.2.2), we impose the common 1-to-1 association constraint: each
detection is assigned to at most one track, and each track to at most one detection per frame.
This common constraint removes the possibility of modeling merged or split detections. When a
detection corresponds to multiple true targets (e.g., overlapping cells in a single bounding box),
only one target may be associated with it—the others are treated as missed. Conversely, when
a single target generates multiple detections (e.g., an over-segmented cell), only one detection
is retained, and the others are classified as false positives.

The set of all feasible tracks with the detections indices J1:T is denoted Ω(T ), which can be
written as a cartesian product:

Ω(T ) =
T⊗

t=1
P1(Jt) (V.7)

where P1(Jt) = {∅, {1}, . . . , {Mt}} is the set containing all the singletons of Jt and the empty
set ∅.

For each track γi
1:T , its birth and death times are defined as its first and last appearance

times (see tracks 2 and 3 from Figure II.2):

ti
b = min{t | |γi

t | ≥ 1} (V.8)
ti
d = max{t | |γi

t | ≥ 1} (V.9)

The set of detection vectors associated with track i at time t is denoted:

Z
γi

t
t = {zj

t | j ∈ γi
t} (V.10)

and the full sequence across time is Zγi
1:T = (Zγi

t
t )1≤t≤T .

A linking algorithm aims to construct N tracks over T frames, denoted Γ1:T = (γi
1:T )1≤i≤N ⊂

Ω(T ), that best explain the detections Z1:T according to Eq. V.4. Given such tracks Γ1:T , the
set of detection indices Jt on each frame t can be partitioned into three disjoint subsets:

Jt = Jb
t ∪ J f

t ∪ Ja
t ,

where:

• Jb
t contains the Mb

t detections that initiate new tracks on frame t:

Jb
t =

{
j ∈ Jt

∣∣∣ ∃ i, γi
t = {j} and ti

b = t
}

, (V.11)

• J f
t contains the M f

t false-positive detections on frame t:

J f
t =

{
j ∈ Jt

∣∣∣ ∀i, j /∈ γi
t

}
, (V.12)

• Ja
t contains the Ma

t detections that are associated with tracks already existing before
frame t:

Ja
t =

{
j ∈ Jt

∣∣∣ ∃ i, γi
t = {j} and ti

b < t
}

. (V.13)
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By construction, the number of detections at frame t satisfies

Mt = Mb
t + M f

t + Ma
t .

While the death time of a track is well-defined over the full T frames, it may be ambiguous
when only considering the truncated sequence Γ1:t. For example, γi

1:3 = {{1}, {2}, ∅} could mean
either that track i terminates at frame 2, or that it is temporarily missed and will reappear
later. To resolve this ambiguity, we introduce a latent variable Γd

t ⊂ J1, NK, the set of tracks
that have definitively terminated between frames t− 1 and t (i.e., ti

d = t− 1 for i ∈ Γd
t ).

We also define Γc
t ⊂ J1, NK as the set of candidate tracks at frame t, i.e., tracks that were

born before t and are still potentially active (not yet marked as dead). Let N c
t = |Γc

t | denote
their count. By definition,

Γd
t ⊂ Γc

t ⊂ J1, NK \
⋃
τ<t

Γd
τ ,

since a track can die at most once and dead tracks do not compete for associations.

Among candidate tracks, we define:

• Γm
t ⊂ Γc

t \ Γd
t : tracks that survive but are missed at frame t, with Nm

t = |Γm
t |. These

account for false negative detections.

• Γa
t : the remaining surviving tracks that are associated with a detection, with Na

t =
N c

t −Nd
t −Nm

t .

Under the 1-to-1 association assumption, we have Ma
t = Na

t , and there exists a mapping
Lt = {(i, γi

t), i ∈ Γa
t } between Γa

t and Ja
t .

For compactness, we also introduce mutually exclusive binary indicator variables:

• δi,c̄
t = 1⇔ i /∈ Γc

t (non-candidate tracks),

• δi,d
t = 1⇔ i ∈ Γd

t (track i dies between t− 1 and t),

• δi,m
t = 1⇔ i ∈ Γm

t (missed detected track at t),

• δi,a
t = 1⇔ i ∈ Γa

t (associated track at t),

• δi,b
t = 1⇔ γi

t ⊂ Jb
t (track birth at t).

V.2.2 Posterior Factorization

A key step in solving Eq. V.4 is to factorize the posterior distribution P(Γ1:T | Z1:T ). We extend
here the factorization of Reid [130] (which did not model track termination) to the notation
and models introduced in this work. Observe that (Γ1:T , Z1:T ) fully determines both Γd

1:T and
J f

1:T . Thus, Eq. V.4 can be rewritten as:

Γ⋆
1:T = arg max

Γ1:T ⊂Ω(T )
P(Γ1:T | Z1:T )

= arg max
Γ1:T ⊂Ω(T )

P(Γ1:T , Γd
1:T , J f

1:T | Z1:T )

= arg max
Γ1:T ⊂Ω(T )

P(Γ1:T , Γd
1:T , J f

1:T )P(Z1:T | Γ1:T , J f
1:T ),

(V.14)
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where P(Γ1:T , Γd
1:T , J f

1:T ) is the prior on association events, and P(Z1:T | Γ1:T , J f
1:T ) is the like-

lihood of the observed detections given those associations. The latter does not depend on Γd
1:T

since track terminations do not affect the measurement generation model.

Likelihood factorization. Under the standard assumption that targets are conditionally
independent given the associations, neglecting tracks interactions, the likelihood decomposes
as:

P(Z1:T | Γ1:T , J f
1:T ) = 1Γ1:T ,J f

1:T
(Z1:T )

N∏
i=1

p(Zγi
1:T )×

T∏
t=1

∏
j∈J f

t

pf(zj
t )

= 1Γ1:T ,J f
1:T

(Z1:T )
N∏

i=1

T∏
t=1

p(Zγi
t

t | Zγi
1:t−1)×

T∏
t=1

∏
j∈J f

t

pf(zj
t )

(V.15)

where 1Γ1:T ,J f
1:T

enforces cardinality consistency between the detections and the association

variables. The single-target likelihood density p(Zγi
t

t | Zγi
1:t−1) is typically given by a state-space

filtering model (e.g., Kalman or particle filtering) and defaults to 1 when γi
t = ∅.

Prior factorization. Applying the chain rule over time, the prior can be written as:

P(Γ1:T , Γd
1:T , J f

1:T ) =
T∏

t=1
P(Γ1:t, Γd

t , J f
t | Γ1:t−1, Γd

1:t−1, J f
1:t−1), (V.16)

where each factor represents the prior on tracks prolongation from frame t− 1 to t.

At frame t, given past associations, the prolongation event can be decomposed into the
following latent choices:

1. Select the subset Γd
t ⊂ Γc

t of candidate tracks that terminate (die) from t − 1 to t. We
assume an independent and constant death probability pd for each candidate track:

P(Γd
t | Γ1:t−1, Γd

1:t−1, J f
1:t−1) = p

Nd
t

d (1− pd)Nc
t −Nd

t ,

2. Select the subset Γm
t of surviving candidate tracks that are missed at t. Surviving tracks

can be missed with independent and constant probability pm:

P|t−1(Γm
t | Γd

1:t, Γ1:t−1, J f
1:t−1) = p

Nm
tm (1− pm)Na

t ,

3. The remaining candidate tracks Γa
t are associated to detections; this fixes Ma

t = Na
t = |Γa

t |.

4. Draw the number of new track births Mb
t and false positives M f

t . We assume the commonly
used independent Poisson prior with parameters λb and λf, respectively:

P(Mb
t ) = λ

Mb
t

b
Mb

t !
e−λb , P(M f

t) = λ
M f

t
f

M f
t !

e−λf .

5. Given Mt = Ma
t + Mb

t + M f
t , partition the detection indices Jt into:

• the set Jb
t of birth detections among Mt,

• the set J f
t of false detections among the remaining,
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• and the remaining are the associated detections Ja
t .

Finally, choose the mapping Lt from Ja
t to Γa

t . As the set of detections are arbitrarily
ordered, these yield a Uniform distribution on the number of existing configuration:

P(Jb
t , J f

t , Ja
t ,Lt|Mt, Γa

t ) = 1(Mt

Mb
t

)(Mt−Mb
t

M f
t

)
Ma

t !

Combining these terms, the prolongation prior probability simplifies to:

P(Γ1:t, Γd
t , J f

t | Γ1:t−1, Γd
1:t−1, J f

1:t−1) = p
Nd

t
d (1−pd)Nc

t −Nd
t p

Nm
tm (1−pm)Na

t λ
Mb

t
b λ

M f
t

f
e−λb−λf

Mt!
(V.17)

Therefore, the prior factorizes into:

P(Γ1:T , Γd
1:T , J f

1:T ) =
T∏

t=1

e−λb−λf

Mt!

N∏
i=1

gi
t

∏
j∈J f

t

λf, (V.18)

with gi
t = p

δi,d
t

d
[
(1− pd)pm

]δi,m
t

[
(1− pd)(1− pm)

]δi,a
t λ

δi,b
t

b . (V.19)

Final posterior form. Substituting the likelihood and prior into Eq. V.14 yields:

Γ⋆
1:T ∈ arg max

Γ1:T ⊂Ω(T )

T∏
t=1

N∏
i=1

Gi
t

∏
j∈J f

t

λf pf(zj
t ), (V.20)

with Gi
t = p

δi,d
t

d
[
(1− pd)pm

]δi,m
t

[
(1− pd)(1− pm) p(Zγi

t
t | Zγi

1:t−1)
]δi,a

t
[
λb p(Zγi

t
t )

]δi,b
t . (V.21)

V.2.3 MHT Solution

The set of feasible tracks Ω(T ) grows exponentially with time, making exact optimization in-
tractable. Thus, identifying the optimal subset of tracks Γ1:T requires approximate strategies.
Multiple Hypothesis Tracking (MHT) [26,129–134] addresses this by solving associations recur-
sively over short temporal windows of size τdepth ≪ T . Let Γ1:t denote the set of confirmed
tracks up to frame t. For a look-ahead horizon τ , the set of feasible track continuations is

Ω(t + τ | Γ1:t) =
{

γ1:t+τ ∈ Ω(t + τ) : γ1:t ∈ Γ1:t ∪ {(∅, . . . , ∅)}
}

,

where the all-empty prefix corresponds to tracks born between t+1 and t+τ . At each iteration
MHT solves

Γ⋆
1:t+τdepth ∈ arg max

Γ1:t+τdepth ⊂Ω(t+τdepth|Γ⋆
1:t)

P
(
Γ1:t+τdepth | Z1:t+τdepth

)
, (V.22)

then advances the time index by τstep ≤ τdepth frames and repeats.

We adopt the Track-Oriented MHT (TOMHT) framework [26, 131, 132], where each active
track at frame t is recursively branched into multiple feasible continuations, referred to as
hypotheses. Over successive frames, hypotheses grow into trees of depth 1 + τdepth (Figure V.2),
effectively exploring a subset Ht(τdepth) ⊂ Ω(t + τdepth | Γ1:t) that contains only plausible
prolongations.

Importantly, the choice of hypotheses must also resolve ambiguities: whether a candidate
track is still active, has terminated, or whether its detections correspond instead to false posi-
tives. To this end, each hypothesis γi

1:t+τ ∈ Ht(τ) is associated with three probability factors:
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Figure V.2: Illustration of our hypotheses trees in MHT, applied to the tracking scenario from
Figure V.1 (repeated from Chapter IV for clarity, with additional precisions). Hypothesis trees
are initiated at frame t = 1 from two confirmed tracks (circle and star), and generated with
a depth τdepth = 2. The 1-to-1 optimal association corresponds to the selected hypotheses in
green. Note that virtual tracks and detections corresponds to ∅ our track-oriented formalism.
(a) Hypothesis tree for the circle track. With a tree-depth of 2, the association decision is made
once the target has re-appeared on frame 3. The optimal solution in green correspond to the
hypothesis {{1}, ∅, {1}} ∈ H1(2).
(b) Hypothesis tree for the star track. The track is associated to virtual detection as it termi-
nates on frame 3. The optimal solution in green correspond to the hypothesis {{2}, {1}, ∅} ∈
H1(2).
(c) Track initiation hypotheses, from a virtual track. The three selected hypotheses in green
are: {∅, ∅, {2}}, {∅, {2}, ∅} and {∅, {3}, {3}}. Two tracks are initiated in frame 2 (rectangle and
pentagon). The rectangle track will be classified as false positive. The 1-to-1 constraint also
impose to create a track for the split detection of the circle target on frame 3, which will be
classified as false positive later on.

1. Active: the hypothesis is a continuing track at frame t + τ ,

Gc(γi
1:t+τ ) =

t+τ∏
u=ti

b

Gi
u.

2. Terminated: the hypothesis ended at ti
d ≤ t + τ ,

Gd(γi
1:t+τ ) =

ti
d∏

u=ti
b

Gi
u.

3. False positive: all detections in the hypotheses are instead classified as false,

Gf(γi
1:t+τ ) =

∏
zj

u∈Z
γi

1:t+τ

λf pf(zj
u).
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Selecting a hypothesis corresponds to choosing its most probable factor, thereby resolving am-
biguities. Any valid subset Γ1:t+τ must cover all detections exactly once, with false positives
explained by false tracks that are penalized through their probability factors. Using the poste-
rior factorization (Eq. V.20), the optimization (V.22) becomes:

Γ⋆
1:t+τ ∈ arg max

Γ1:t+τ ⊂Ht(τ)
1Γ1:t+τ (Z1:t+τ )

∏
γi

1:t+τ ∈Γ1:t+τ

max
{
Gc, Gf, Gd}

(γi
1:t+τ ), (V.23)

where 1Γ1:t+τ (Z1:t+τ ) enforces the one-to-one association between detections and tracks, with
every detection associated.

V.2.3.1 Hypotheses Generation

Given current tracks Γ1:t, hypotheses Ht(τ) ⊂ Ω(t + τ | Γ1:t) are generated recursively to depth
τdepth:

Ht(0) = Γ1:t, Ht(τ + 1) = H
(
Ht(τ)

)
, τ = 0, . . . , τdepth − 1, (V.24)

where H applies 3 branching rules:

1. Association: For every γi
1:t+τ ∈ Ht(τ) and detection zj

t+τ+1, a prolongation hypothesis
is generated:

(γi
1:t+τ , {j}) ∈ Ht(τ + 1),

and the following recursive probability updates are applied:

Gc(γi
1:t+τ+1) = Gc(γi

1:t+τ )(1− pd)(1− pm)p(zj
t+τ+1|Z

γi
1:t+τ ),

Gd(γi
1:t+τ+1) = Gc(γi

1:t+τ+1)pd, Gf(γi
1:t+τ+1) = Gf(γi

1:t+τ )λf pf(zj
t )

2. Miss: For each γ1:t+τ ∈ Ht(τ), its empty prolongation is added:

(γ1:t+τ , ∅) ∈ Ht(τ + 1),

with recursive probability updates

Gc(γi
1:t+τ+1) = Gc(γi

1:t+τ )(1− pd)pm,

Gd(γi
1:t+τ+1) = Gd(γi

1:t+τ ), Gf(γi
1:t+τ+1) = Gf(γi

1:t+τ ).

3. Birth: For each detection zj
t+τ+1, generate a new track hypothesis (Figure II.6.c)

(∅, . . . , ∅, {j}) ∈ Ht(τ + 1),

initialized with
Gc(γi

1:t+τ+1) = λb p(zj
t ),

Gd(γi
1:t+τ+1) = Gc(γi

1:t+τ+1)pd, Gf(γi
1:t+τ+1) = λf pf(zj

t )
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V.2.3.2 Cost Minimization

Let nt = |Ht(τdepth)| be the number of hypotheses considered and mt = |Γ⋆
1:t|+

∑τdepth
τ=1 Mt+τ , the

number of confirmed tracks and following detections in the look-ahead horizon τdepth. A binary
vector y ∈ {0, 1}nt defines a subset of selected tracks Γ1:t+τdepth ⊂ Ht(τdepth). Let c ∈ Rnt be the
cost vector associated with each hypothesis such that ci = − log max

{
Gc, Gf, Gd}

(γi
1:t+τdepth

).
By definition of the probability factors, the selected tracks have a log-posterior yTc. Finally,
a binary matrix A ∈ {0, 1}nt×mt is defined such that Akl indicates that the kth hypothesis is
using the lth track or detection. The final optimization problem can then be written as:

minimize yTc
subject to ATy = 1, y ∈ {0, 1}nt

(V.25)

where ATy = 1 enforces the 1-to-1 association constraint.

Problem (V.25) is a multidimensional LAP and hence a Mixed Integer Linear Program
(MILP). In practice, we use the HiGHs solver [109] through SciPy [183], which we found faster
than the Gurobi Python wrapper [111].

V.2.3.3 Hypotheses Pruning

Once the optimal subset y is obtained, tracks are confirmed up to t + τstep:

Γ1:t+τstep =
{

γi
1:t+τstep

∣∣ γi
1:τdepth ∈ Ht(τdepth), yi = 1

}
.

Instead of regenerating hypotheses from scratch from Ht+τstep(0), we exploit previously
constructed hypotheses with Ht+τstep(τdepth−τstep) ⊂ Ht(τdepth), so only incompatible branches
are pruned to directly build Ht+τstep(τdepth − τstep).

To further reduce complexity, hypotheses are early pruned under two conditions:

1. Termination: When continuing a missed detected hypothesis γ is less probable than
declaring its termination on its last detected frame and starting a new track from any
potential detection, we stop considering associations. The condition writes:

Gd(γ) > Gc(γ)(1− pd)(1− pm)
λb

A

Bb

where A upper bounds p(· | Zγ) and Bb lower bounds p(·).

2. False positive: When continuing a missed detected hypothesis γ is less probable than
classifying its associated detections as false positive and starting a new track from any
potential detection, we stop considering associations. This condition writes:

Gf(γ) > Gc(γ)(1− pd)(1− pm)
λb

A

Bf

where Bf is a lower bound of pf(·).

This pruning strategy reduces the computational load without compromising the Bayesian op-
timality of the resulting solution. Indeed, the pruned hypotheses would not have been selected
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Table V.2: Summary of MHT parameters, their interpretation, and proposed estimation
methods.

Parameter Meaning Estimation method

pd Target termination probability Manual estimate (disappearance rate)
pb Target birth rate Manual (growth rate) or assume pb = pd

pm Miss-detection probability Detector FNR, or manual/annotation-based
pf False positive probability Detector FPR, or manual/annotation-based
λf(t) Mean # false positives at t λ̂f(t) = pfMt

λb(t) Mean # new births at t λ̃b(t) (Eq. V.36)
N0 Initial unseen targets Estimated from M1 (Eq. V.35)
V Measurement volume Image volume or user-defined
η Association threshold Defaults to a minimal value (Eq. V.37)

regardless, as they are dominated by a more probable concurrent hypothesis (either death +
birth or false positive + birth).

Finally, associations hypotheses are only generated for likely measurements, such that

p(· | Zγ) ≥ η, (V.26)

where the likelihood threshold η limits tree growth. By default, η is chosen to prune as many
hypotheses as possible while keeping the Bayesian optimality of the solution (see Chapter V.2.4).

Even with our efficient pruning, the number of hypotheses follows roughly nt = (1+k)nt−1 +
Mt, with k expected feasible detections per hypothesis (k ≪ 10 in practice). Thus τdepth must
remain small (typically < 10).

V.2.4 Parameter Estimation

Bayesian MHT trackers rely on several key parameters that must be estimated prior to execution
in order to achieve reliable tracking performance. In this section, we propose simple estimators
that require only coarse prior knowledge about the targets and the detector. This is summarized
in Table V.2. We acknowledge that the estimators developed here may not be perfectly suited
to all tracking scenarios; however, they provide a reasonable approximation for a wide range of
general tracking problems. Extensions or refinements can be introduced as needed to address
specific challenges.

We denote by Nt < N the true number of active targets at frame t, and N0 the number of
active targets before the first frame. According to our model, each active target can terminate
with constant probability pd, and each surviving target can be miss-detected with constant
probability pm. In addition, the number of new targets Mb

t and false positives M f
t are modeled

as Poisson random variables:

Mb
t ∼ P(λb(t)), M f

t ∼ P(λf(t)).

Note that λb and λf are time dependent.



112 CHAPTER V. KOFT-MHT: BAYESIAN AND MULTIPLE HYPOTHESIS TRACKING FRAMEWORK

Termination and missed detections. The termination probability pd can usually be es-
timated manually by inspecting the proportion of targets that disappear between consecutive
frames (e.g., leaving the field of view or shutting off). The missed-detection probability pm cor-
responds to the false negative rate of the detector. We assume it is constant across targets and
frames. It is typically known for a given detection method, but can also be estimated manually
or with a small set of annotated detections.

False positives. To simplify estimation of λf(t), we introduce pf as the detector’s false positive
rate, that we assume to be detection and time-invariant. It relates to λf via

λf = E(M f
t) = E

(
E(M f

t |Mt)
)

= E(pf Mt) = pf E(Mt). (V.27)

Thus, given pf, we propose the unbiased single-frame estimator:

λ̂f(t) = pf Mt. (V.28)

We note that aggregating several frames could reduce variance of the E(Mt) estimations. But
this would introduce additional parameter dependencies, therefore, we decided to rely on this
simple online estimator, which we found satisfactory in practice.

Births. Similarly, we introduce pb, the proportional birth rate, defined such that

E(Mb
t | Nt) = pbNt, λb(t) = pbE(Nt).

The target population evolves as

E(Nt) = (1− pd)E(Nt−1) + λb(t), (V.29)
(1− pb)E(Nt) = (1− pd)E(Nt−1). (V.30)

In particular, for a stationary number of targets, pb = pd. Otherwise, pb can be estimated from
the rough growth rate of the target population. Given pb, an unbiased single-frame estimator
of λb(t) follows from:

E(Mt) = (1− pd)(1− pm)E(Nt−1) + λb(t) + λf(t), (V.31)

E(Nt) = 1− pf
(1− pb)(1− pm) + pb

E(Mt), (V.32)

λ̂b(t) = pb(1− pf)
(1− pb)(1− pm) + pb

Mt. (V.33)

Correction for initial targets. Initial unseen targets (N0) produce additional pseudo-births
in early frames. Let M0

t denote the number of such detections at frame t. Its expectation is

E(M0
t ) = (1− pd)t(pm)t−1(1− pm)E(N0). (V.34)

An estimator of N0 is obtained from M1:

N̂0 = 1− pf
(1− pb)(1− pm) + pb

· 1− pb
1− pd

M1. (V.35)

Hence, we propose a corrected estimator for λb(t):

λ̃b(t) = λ̂b(t) + (1− pd)t(pm)t−1(1− pm)N̂0, (V.36)

which only impacts early frames, as the correction quickly vanishes as pt−1
m ≪ 1.
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Birth and false positive densities. For new targets or false positives, the measurement zj
t

is assumed uniformly distributed in the measurement space:

p(zj
t ) = pf(zj

t ) = 1
V

.

where V is the volume of the measurement space (usually the volume of the images). In practice,
V can be adjusted manually if targets occupy only a subregion of the image.

Association densities. The likelihood of linking a detection zj
t to a track γi

1:t−1 is p(zj
t |

Zγi
1:t−1), computed using different state-space models detailed in Chapter V.2.5.

Association threshold. Finally, the likelihood threshold η should be the largest value that
prunes invalid hypotheses without discarding correct ones. We set η based on the following
comparison: given a track γi

1:t−1 and detection zj
t , there are three scenarios producing a single

resulting track: (1) link γi
1:t−1 to zj

t ; (2) miss the track and classify zj
t as false positive; (3)

terminate the track and start a new track from zj
t . Scenario (1) is necessarily rejected if its

likelihood is lower than both alternatives:

p(zj
t | Zγi

1:t−1) ≤ min
(

pdλb(t)
(1− pd)(1− pm)V ,

pmλf(t)
(1− pm)V

)
. (V.37)

We therefore adopt this value as the default η, since linking hypotheses with smaller likelihoods
would not be selected in any cases. Stricter thresholds may be set manually to further reduce
complexity.

Summary. The remaining four parameters that require user specification are:

• pm: probability that a target is missed (detector false negative rate),

• pf: probability that a detection is false positive (detector false positive rate),

• pd: probability that a target terminates (estimated from disappearing targets),

• pb: birth rate of new targets (equal to pd or estimated from appearing targets).

All other parameters are either derived through the estimators above or are introduced by the
association densities (see Chapter V.2.5).

These parameters and estimators rely on the following three assumptions which, while not
fully realistic, provide a reasonable approximation for most biological tracking scenarios.

1. Target termination. Each active target has, at every frame t, a constant probability of
disappearing pd, independent of both time and spatial location.

2. Target birth. At each frame t, a constant rate of target birth pb is assumed, also
independent of time and location. This leads to an expected number of births λb(t) =
pbE(Nt), proportional to the number of active targets Nt. We argue that this assumption
is more realistic than using a fixed expected number of births λb [26], as it accounts for
variations in target density or cell mitosis events, which naturally scale with the number
of existing cells.
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3. Detector performance. The detector is assumed to have time and target-invariant
performance, characterized by a false negative rate pm and a false positive rate pf.

We acknowledge that these assumptions could be refined in future work — for example,
by incorporating spatially dependent birth and death processes (e.g., higher rates near image
borders) or temporally correlated false negatives (a missed detection at frame t suggesting an
increased likelihood of another at t+1 for the same target, as modeled in eMHT [26]).

V.2.5 State-Space Filtering

To model target motion and sensor noises within MHT, we rely on Kalman filtering as introduced
in Chapter IV. We refer the reader to Chapter IV.2.1 for the description of these models. The
detection process provides noisy position measurements zpos

t , while optical flow can supply noisy
velocity measurements zvel

t . We denote by

zt =

zpos
t

zvel
t


the concatenated measurement vector. For clarity, we omit track indices i and detection indices
j in this section.

Kalman filtering enables recursive estimation of the predictive likelihood of the next mea-
surement p(zt | z1:t−1) = p(zpos

t |z1:t−1) · p(zvel
t | zpos

t , z1:t−1) (see Chapter IV). In practice, we
consider both standard Kalman filters and optical-flow-enhanced Kalman filters, with motion
dynamics modeled either as Brownian or directed motion (see Chapter IV.2.3).

As in the previous chapter, we restrict the likelihood to positional measurements p(zpos
t |z1:t−1),

rather than using the full joint likelihood of position and (future) velocity p(zt | z1:t−1). This
choice is motivated by three practical considerations:

1. Limited discriminative power of the future velocity. Due to the spatial regular-
ization inherent in optical flow, neighboring targets often share similar velocity measure-
ments. As a result, the velocity measurement zvel

t (between frame t and t + 1) adds little
information for resolving identity ambiguities during data association. We emphasize that
in KOFT and KOFT-MHT, the velocity measurements are already used to update the
Kalman filter, enabling better positional predictions. Therefore, the positional likelihood
p(zpos

t | z1:t−1) in the data association between frame t− 1 and t already accounts for the
measured optical flow zvel

t−1 between frame t− 1 and t.

2. Temporal delay. The velocity measurement zvel
t+τdepth becomes available only once frame

t+τdepth+1 is acquired, adding an additional temporal delay of 1 frame. Our dual-update
formulation allows this information to be incorporated at the next prediction time after
frame t+τdepth+1 is acquired, but the associations up to frame t+τdepth must be resolved
beforehand.

3. Consistency with priors. Incorporating velocity into the likelihood would require ex-
tending both the birth likelihood p(zt) and the false-positive likelihood pf(zt) to include
velocity components, typically modeled as uniform distributions. This introduces addi-
tional parameters without significantly improving association performance.

For these reasons, we neglect the velocity likelihood p(zvel
t | z

pos
t , z1:t−1) and retain the positional

one as the sole likelihood factor in the association stage of our MHT.
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V.2.5.1 Filtering parameters

These models depend on three key additional parameters:

1. σpos: standard deviation (in pixels) of the positional measurement noise from the detector.
Can be roughly estimated as half the radius of targets.

2. σvel: standard deviation (in pixels) of the velocity measurement noise from optical flow
(unused in standard Kalman filters). It should be adapted to match the confidence on the
optical flow precision on the data.

3. σmov: standard deviation (in pixels) of the process noise. For Brownian motion it reflects
the expected displacement per frame, while for directed motion it quantifies the expected
change in velocity between consecutive frames.

V.2.5.2 Initialization

When a new track is initialized from a detection zt, the initial Kalman state xt | zt is modeled
as

xt | zt ∼ N

zt

0d

 ,

σ2
posId 0d

0d (kσmov)2Id

 , (V.38)

where the initial position is set to the observed detection with variance σ2
pos, and the initial

velocity is assumed to be zero with variance (kσmov)2. The constant k is set to 1 for Brownian
motion and 3 for directed motion, reflecting the larger uncertainty in velocity under the directed
model.

V.2.5.3 Covariance Growth

Under time-invariant noise assumptions, the Kalman filter covariance converges to a steady-
state positional covariance S̄pos

∞ determined by the DARE Riccati equations [184]. However,
during initialization or after consecutive missed detections, the uncertainty about the predicted
position can grow substantially. If this is expected for the filter to work properly, it inflates the
number of candidate hypotheses to explore.

The rate of covariance growth depends strongly on the Kalman filter used:

• Brownian Kalman filter: the positional variance grows linearly with the number of
missed frames τ :

S̄pos
t+τ = S̄pos

t + τ σ2
mov,

• Directed Kalman filter: the positional variance grows quadratically with τ (as it grows
linearly on the velocity):

S̄pos
t+τ = S̄pos

t + τ(τ+1)
2 σ2

mov.

• Optical flow enhanced filters: In both Brownian and Directed models, the velocity is
still measured through optical flow when detections are missing. Therefore, the velocity
uncertainty stays bounded by σ2

vel. We found that the uncertainty on the position grows
linearly following:

S̄pos
t+τ ≤ S̄pos

t + τ σ2
vel,
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In practice, the quadratic growth in Directed Kalman filters can yield uncertainties more
than an order of magnitude larger than the steady-state variance, leading to an exponential
growth of candidate associations. To mitigate this effect in Directed Kalman Filter, we propose
to restrict candidate hypotheses by discarding detections lying outside a radius of three standard
deviations of ∥S̄pos

∞ ∥∞ (Euclidean thresholding).

With our optical flow enhanced filters, such ad-hoc pruning is unnecessary: velocity updates
stabilize the predictions and reduce uncertainty. Moreover, the steady-state variance S̄pos

∞ is
significantly smaller than in standard models, leading to far fewer candidate hypotheses, faster
computations, and the ability to explore larger look-ahead depths in MHT (see Chapter V.3.3).

V.2.6 State-Space Smoothing

The proposed MHT framework solves for the maximum a posteriori (MAP) associations Γ1:T
(Eq. V.4). However, the ultimate goal of tracking is to recover accurate target states—primarily
positions and velocities—along the estimated tracks. As discussed in Chapter V.2, this requires
a final state estimation step given the associations (Eq. V.5).

Most existing methods [27,128], including Bayesian approaches [26,132], bypass this problem
by directly using the noisy measured positions:

xi
t =

{
zj

t if γi
t = {j},

NaN otherwise,
(V.39)

where NaN encodes the absence of a detection. Missing states are typically filled by interpola-
tion, or by reusing the filtering estimate x̂i

t computed during association (often referred to as a
virtual detection) [26].

In contrast, we propose a fully Bayesian state estimation step that leverages the same state-
space models used for filtering. Assuming conditional independence between targets given the
associations, the posterior distribution over states factorizes as:

P(X1:T | Γ1:T , Z1:T ) =
N∏

i=1
P(Xi

1:T | Zγi
1:T ). (V.40)

State estimation can then be resolved independently for each target, as a single-target smoothing
problem:

X⋆,i
1:T = arg maxP(Xi

1:T | Zγi
1:T ). (V.41)

In our linear Gaussian case, the marginal distributions P(xi
t | Zγi

1:T ) remain Gaussian and can
be computed efficiently using the Rauch–Tung–Striebel (RTS) smoother (see Chapter II.3.1.6).
The joint trajectory distribution across time is therefore also Gaussian, and its mean (x̂s,i

t )1:T
provides the MAP estimate for Xi

1:T . Importantly, our optical flow enhanced Kalman smoother
differ only in the filtering step, where it benefits from its two sensors, whereas the smoothing
step itself remains identical.

This post-processing stage reduces positional errors and improves downstream analyses
based on estimated positions or velocities. We note, however, that it only addresses positional
uncertainties, and it does not impact the associations.
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V.3 Experiments and Results

V.3.1 Tracking Setup

We evaluate our method on synthetic datasets generated by the SINETRA simulator (see
Chapter III). We focus on 2D scenarios, where each synthetic video consists of T = 200 frames
with a resolution of 1024× 1024 pixels, and approximately N ≃ 800 objects to track. For each
experiment, five random videos are generated using the same parameters but different random
seeds. In tables, we report mean and standard deviation across the five runs, while in figures
we display the 99.7% confidence interval.

To measure the accuracy of computed tracks, we use the Higher Order Tracking Accuracy
(HOTA) metric [180], which accounts for localization, detection, and association performance
(Chapter III). We use a matching tolerance of r pixels, meaning that a predicted track is
considered correctly associated with a ground-truth object only if its position lies within r
pixels of the ground truth. In practice, we set r = 2.0 pixels, corresponding to the typical size
of the targets. Tracks deviating beyond this distance are considered biologically erroneous as
they may compromise subsequent analyses.

We compare our SKT-MHT tracker, which uses a standard Kalman filter, and KOFT-
MHT, which uses our optical flow-enhanced Kalman filter, with their frame-by-frame maximum
likelihood counterparts (SKT and KOFT) developed in Chapter IV. To validate our Bayesian
MHT framework, we additionally benchmark against two similar Track-Oriented MHT im-
plementations for biological targets: the enhanced MHT (eMHT) [26] provided in the Icy
software [50], and the MAP method [132] originally implemented in Matlab [185].

Both eMHT and MAP formulate the problem as a multi-dimensional assignment solved
via mixed-integer linear programming, similar to our own approach. However, they differ in
the modeling of costs, priors, and heuristics. MAP employs an Interactive Multiple Model
(IMM) [57] to compute association likelihoods p(zj

t | Zγi
1:t−1) and replaces prior probabilities

with ad hoc penalty terms. As the original implementation is not maintained, we minimally
updated the code to run on Matlab/Octave under Linux and wrapped it for Python. Since
SINETRA does not generate split or merge events, we disabled this functionality in MAP,
as it otherwise incorrectly interprets missed detections as merges. We set the maximum gap
parameter to τmax = 5 frames and remove tracks shorter than τmin = 2 frames, since false
positives are not explicitly modeled.

eMHT uses a similar IMM for association likelihoods, but is closer to our method for the
Bayesian priors. It uses a Poisson prior for births and false positives. Instead of Bernoulli track
termination, it models track lifetimes with a Poisson distribution, coupled with an existence
probability threshold for automatic track termination and validation. The algorithm is actively
maintained in the Icy software, which we wrapped for Python integration.

All methods rely on pre-detected objects. To isolate the contribution of the tracking algo-
rithm, we re-used our fake detector (see Chapter IV) that generates detections from ground-
truth positions with Gaussian positional noise (σpos = 0.5 pixels), and user-controlled false
negative (FNR) and false positive (FPR) rates. The detector is denoted Fake@F1, with FPR =
FNR = 1−F1. As our fake detector does not produce detection merges or splits, we also added
comparisons with a real detector. We used the wavelet-denoising and thresholding method
(Wavelet spot detector) [24], which achieves about 85% recall and precision in our synthetic
dataset.
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Table V.3: Summary of experimental settings for all evaluated methods.
Method Motion Model Process Noise Gap Handling Threshold Birth/Death Model False Positives

SKT (ours) Brownian / Directed σmov = 4.0 / 2.0 px Fixed gap τmax = 7 Likelihood (3 · 10−4) None Small tracks (τmin = 3)
KOFT (ours) Brownian / Directed + Optical Flow σmov = 4.0 / 2.0 px Fixed gap τmax = 7 Likelihood (3 · 10−4) None Small tracks (τmin = 3)
SKT-MHT (ours) Brownian / Directed σmov = 4.0 / 2.0 px Bayesian Bayesian + Euclidean (∼ 10px) Poisson + Bernoulli Poisson
KOFT-MHT (ours) Brownian / Directed + Optical Flow σmov = 4.0 / 2.0 px Bayesian Bayesian (automatic) Poisson + Bernoulli Poisson
eMHT [26] IMM (Brownian + Directed) Similar Bayesian Mahalanobis (4.0) Poisson + Poisson track length Poisson
MAP [132] IMM (Brownian + Directed) Similar Fixed gap τmax = 5 Euclidean (7 px) Ad hoc penalties Small tracks (τmin = 2)

Since HOTA is sensitive to localization accuracy, all methods are evaluated after state-space
smoothing (see Chapter V.2.6), increasing HOTA performance for all the methods that did not
include this smoothing step, but allowing a fair comparison between approaches.

V.3.1.1 Parameters

Each tracker relies on a different motion model, but we harmonize the settings wherever possible.
For Brownian motion, we set the process noise to σmov = 4.0 pixels, while for directed motion
we set σmov = 2.0 pixels. This choice reflects SINETRA’s dynamics: accelerations are typically
below 6 pixels per frame, while velocities can reach up to 12 pixels per frame.

In SINETRA, the number of targets is constant, except for rare events where targets enter
or leave the field of view. We therefore set the birth and death probabilities to pd = pb = 10−4,
corresponding to an expected one birth/death every 10 frames. For eMHT, the expected
number of birth is set accordingly (plus a correction for pseudo-births on the first frame). In
MAP, no such parameter exists.

For all Bayesian approaches, miss-detection and false-positive probabilities are set to match
the true detector rates. We use an approximate 10% error rate for the Wavelet spot detector. We
study the impact of erroneous estimation of these probabilities in Chapter V.3.4. MAP uses an
Euclidean distance threshold of 7 pixels, while eMHT employs a Mahalanobis distance threshold
of 4.0. These thresholds were selected to approximately match our Euclidean thresholding for
the Directed Kalman filter (see Chapter V.2.5), with minor adjustments obtained through a
small grid search to account for method-specific differences.

For MHT-based methods, we use a tree depth of τdepth = 3, corresponding to an effective
look-ahead of two frames beyond frame-by-frame trackers. The step size is fixed at τstep = 1.
We further explore the impact of tree depth in Chapter V.3.3.

Finally, for SKT and KOFT, we reuse the parameter settings established in Chapter IV.
Table V.3 summarizes all the experimental settings of all the evaluated methods.

V.3.2 Tracking Results

Table V.4 reports the HOTA metric across all methods on SINETRA dataset [65] using Wavelet
based spot detections [24]. Our Bayesian MHT algorithms (SKT-MHT and KOFT-MHT)
consistently outperform their frame-by-frame counterparts (SKT and KOFT). For example, in
Springs 2D, KOFT-MHT reaches 98.2% HOTA compared to 95.6% for KOFT; in Hydra-Flow,
it achieves 96.1% versus 91.6%, respectively. Similar trends are observed for SKT-MHT, which
improves upon SKT by more than 15% HOTA in Hydra-Flow.

Among MHT methods, MAP is outperformed in both scenarios, lagging behind fully Bayesian
approaches. eMHT, on the other hand, achieves competitive results, particularly in Hydra-
Flow where it approaches the performance of our SKT-MHT. We note that the improvement
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Table V.4: Tracking performance (HOTA at 2 pixels tolerance [180]) on synthetic videos.
Frame per second (FPS) are computed on the same laptop and do not account for the detection
process.

Scenario Springs 2D Hydra Flow FPS
MAP [132] 79.1± 4.8% 63.9± 6.9% 1

7

eMHT [26] 86.9± 3.7% 80.7± 7.3% 2
SKT (ours) 82.3± 4.4% 65.9± 5.7% 25
SKT-MHT (ours) 88.3± 2.2% 81.0± 4.8% 5
KOFT (ours) 95.6± 0.8% 91.6± 2.3% 10
KOFT-MHT (ours) 98.2± 0.3% 96.1± 1.4% 5

(a) (b)Springs 2d simulations Hydra Flow simulations

(%
)
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)

Figure V.3: Tracking performance on synthetic videos. The HOTA metric [180] with
2 pixels tolerance is reported with respect to detection accuracy (Fake@F1). The light-colored
envelope around each curve corresponds to the 99.7% confidence interval over M = 5 simulations.
(a) Results on Springs 2D synthetic videos (b) Results on Hydra Flow synthetic videos

of eMHT compared to earlier chapters is due to the inclusion of our smoothing post-processing
step for fair comparison. Overall, KOFT-MHT provides the most accurate results, reducing
the gap to perfect tracking (100% HOTA) by more than half relative to KOFT. For instance, in
Springs 2D, KOFT still makes 4.4% errors, whereas KOFT-MHT reduces this to only 1.8%.

Computational efficiency. Runtime comparisons are also reported in Table V.4. MAP
is by far the slowest, requiring approximately 7 seconds per frame. eMHT runs at 2 FPS
in our setup. Our Bayesian MHT implementations are about twice as fast as eMHT, owing
to an optimized implementation and efficient pruning strategies. Notably, KOFT-MHT runs
at the same speed as SKT-MHT (5 FPS), despite the additional optical flow computation.
This is because optical flow reduces the number of competing hypotheses, thereby accelerating
MHT optimization. The benefits become more pronounced at larger tree depths, as analyzed
in Chapter V.3.3.

Impact of detection quality. To further assess robustness, we replaced the wavelet detec-
tor with the artificial fake detector (see Chapter IV.3.3.1), allowing controlled variation of false
positive and false negative rates (Figure V.3). Due to its prohibitive runtime, MAP was ex-
cluded from these experiments. Results show that our MHT solutions are substantially more



120 CHAPTER V. KOFT-MHT: BAYESIAN AND MULTIPLE HYPOTHESIS TRACKING FRAMEWORK
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Figure V.4: Evolution of tracking performance and runtime with respect to the
tree depth on synthetic videos. The HOTA metric [180] with 2 pixels tolerance is reported
against FPS at different tree depths (annotated on each curve). The same Fake@70% detector
is used across all experiments. The light-colored envelope around each curve corresponds to the
99.7% confidence interval over M = 5 simulations. (a) Results on Springs 2D synthetic videos
(b) Results on Hydra Flow synthetic videos

robust to detection errors. At low detection quality, eMHT outperforms SKT-MHT, owing
to its IMM motion model. However, Appendix A.2 demonstrates that when SKT-MHT is
equipped with a Brownian motion model, it outperforms eMHT in this regime. Most impor-
tantly, KOFT-MHT consistently maintains above 90% HOTA across all detection settings,
clearly outperforming all other approaches.

V.3.3 Depth impact

We next investigated the impact of the tree depth parameter τdepth on tracking performance. To
avoid an early saturation of HOTA scores for KOFT-MHT, we relied on a degraded Fake@70%
detector with around 30% false positives and 30% missed detections. Figure V.4 reports HOTA
scores [180] (2-pixel tolerance) against frame-per-second (FPS) runtimes for different tree depths
(τdepth = 1, . . . , 9). Experiments exceeding 30 minutes of runtime were terminated, and the
corresponding tree depth was omitted.

First, we observed that all methods were consistently slower on the Hydra Flow scenario
than on the Springs 2D scenario. For example, at τdepth = 3, SKT-MHT runs about twice as
slowly on Hydra Flow as on Springs 2D. This runtime drop mirrors the decrease in accuracy:
in Hydra Flow, targets are slightly closer, which increases the number of potential branches to
explore at each depth.

Second, performance improved with increasing τdepth, as expected for Bayesian trackers. On
Springs 2D, SKT-MHT increased from about 40% HOTA at τdepth = 1 to 70% at τdepth = 7.
Similarly on Hydra Flow, KOFT-MHT improved from 93.5% HOTA at τdepth = 1 to a plateau
above 97.5% for τdepth ≥ 6.

Compared with eMHT, our standard Bayesian tracker (SKT-MHT) is generally faster: for
the same runtime budget, it can operate at a higher effective tree depth (+1 or +2) and thus
achieve better performance. Moreover, SKT-MHT shows better tracking performance scaling,
where eMHT seems to saturate quicker.
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(a) (b)Springs 2d simulations Hydra Flow simulations

Figure V.5: Sensitivity of KOFT-MHT to its a priori parameters. Heatmap of the
HOTA metric [180] with 2-pixel tolerance using the Wavelet spot detector [24]. The default
configuration is highlighted in yellow, with variations in the expected false positive and negative
rates of the detector (top), or in the birth and death rates of targets (bottom). (a) Results on
Springs 2D synthetic videos. (b) Results on Hydra Flow synthetic videos.

Finally, KOFT-MHT is slower than SKT-MHT at small depths due to the overhead of
optical flow computation. However, at larger depths, the more precise motion model substan-
tially prunes the hypothesis space, reducing the number of branches explored. As a result,
KOFT-MHT not only achieves higher accuracy but also becomes faster than SKT-MHT at
high tree depths.

These results highlight that deeper trees consistently benefit Bayesian trackers, and that
KOFT-MHT scales more favorably with depth than other methods thanks to its stronger
motion model.

V.3.4 Parameter Sensitivity

We analyzed the impact of our four key a-priori parameters required by our Bayesian trackers:
(1) the false positive rate of the detector pf, (2) the false negative rate of the detector pm, (3)
the birth rate of targets pb, and (4) the death rate of targets pd.

By default, we set pb = pd = 10−4, since in SINETRA datasets birth and death events are
rare, occurring only when targets enter or exit the field of view. For the Wavelet detector, we
set pf = pm = 0.1, approximating the detector’s empirical error rates.

Figure V.5 reports the performance when these default values are varied. First, we observe
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that the chosen birth and death rates are slightly higher than optimal: smaller values (e.g.,
10−6) yield a modest performance gain of about +0.4% HOTA. More importantly, performance
remains stable across several orders of magnitude: over- or under-estimating pb and pd by one
to two orders of magnitude reduces accuracy by less than 1% HOTA.

Interestingly, using the detector’s true false positive and negative rates appears subopti-
mal. Increasing the expected detection error rates to pf = pm = 0.5 consistently improves
performance by more than 0.8% HOTA across both scenarios. The reasons behind this phe-
nomenon remain unclear; without further theoretical justification or experimental validation,
we recommend continuing to use the detector’s expected error rates. Nevertheless, the results
demonstrate robustness: even a twofold over- or under-estimation of pf and pm has only a lim-
ited impact on performance. However, we observe that overestimating the false negative rate
pm while underestimating the false positive rate pf leads to a significant drop in performance.
In this case, the linker becomes overly permissive, generating spurious tracks by avoiding track
termination (since missed detections are deemed likely) and by failing to classify short tracks
as false positives.

Overall, these experiments show that while the default parameterization is not strictly opti-
mal on SINETRA datasets, it maintains high tracking performances. In practice, this stability
is valuable, as it allows approximate manual estimates of the a-priori parameters without risking
significant performance degradation.

V.4 Discussion

In this chapter, we introduced a novel Bayesian tracking framework that supports both stan-
dard Kalman filtering and our optical-flow-enhanced Kalman filter. The framework employs a
Bernoulli prior for track death and missed detections, and a Poisson prior for track births and
false positives. To facilitate practical use, we proposed simple estimators that reduce the full
parametrization of the priors to only four manually estimable parameters: birth rate, death rate,
false negative rate, and false positive rate. The implementation is based on a Track-Oriented
Multiple Hypothesis Tracking (MHT) formulation, efficiently realized in Python with PyTorch
and HiGHS.

Results on SINETRA synthetic datasets demonstrate that our standard Bayesian tracker
(SKT-MHT) outperforms state-of-the-art MHT approaches using similar motion models, high-
lighting the robustness of our Bayesian framework. Thanks to its efficient implementation,
SKT-MHT is also at least twice as fast as competing MHT methods. More importantly, our
optical-flow enhanced Bayesian tracker (KOFT-MHT) combines the strengths of the KOFT mo-
tion model with the Bayesian framework, yielding the best overall performance. KOFT-MHT
halves the number of errors made by KOFT, and—although optical flow initially increases
computational load—it enables stronger hypothesis pruning, improving optimization efficiency.
As a result, KOFT-MHT is even faster than SKT-MHT for look-ahead horizon larger than 3
frames, and is able to scale up to 10 frames depth.

We also observed that at relatively shallow tree depths (τdepth = 3), the Brownian Kalman
filter outperforms the directed Kalman filter of SKT-MHT under low detection quality. This
suggests that equipping SKT-MHT with an Interactive Multiple Model (IMM) would improve
robustness across diverse conditions. An IMM could also enhance KOFT-MHT, automatically
balancing Brownian, Directed, and optical-flow-based motion models.

A remaining limitation of the current Bayesian framework is its inability to handle merged



V.4. DISCUSSION 123

and split detections, which frequently occur with unsupervised detectors. This limitation partly
explains the lower performance achieved with the Wavelet spot detector compared to our con-
trolled Fake@80% detector.

For our Hydra use case, KOFT-MHT substantially improves tracking accuracy, especially
for neurons imaged with TdTomato fluorophores. However, for GCaMP imaging, the current
Bayesian framework does not support neurons strong intermittent detectability, where a neuron
can switch to a undetectable state for tens of frames. This limitation will be the focus of the
following chapter.





Chapter VI

VEMC2: Tracklet Stitching with
both Visual and Motion Cues

In this Chapter, we address the problem of long-range consecutive missed detections with a
dedicated post-processing step, referred to as Tracklet Stitching. When a target is undetected
for more than 10 consecutive frames, most MOT algorithms—including those developed in this
thesis—fragment the trajectory into several shorter tracks, or tracklets, that each follow the same
target over different temporal segments. We propose to improve this tracklet-stitching step by
leveraging self-supervised contrastive visual features, enabling the recovery of full trajectories
from fragmented ones.

This work has been published at the IEEE ISBI conference in 2023 as: Raphael Reme⋆,
Victor Piriou, Alison Hanson, Rafael Yuste, Alasdair Newson, Elsa Angelini, Jean-Christophe
Olivo-Marin, and Thibault Lagache. Tracking intermittent particles with self-learned visual
features. IEEE ISBI, 2023. [67]

VI.1 Motivation

In the previous Chapters, we developed robust MOT algorithms for tracking Hydra neurons
when they are detectable. In TRASE-IN, the dual-labeling of Hydra with TdTomato and
GCaMP fluoropores [22], allowed to track neurons in the TdTomato channel which is inde-
pendent of neural activity, and then extract the neuronal activity from the GCaMP channel.
However, such dual-labeling is experimentally challenging, and in many cases only a single
GCaMP channel is available. In GCaMP imaging, neurons exhibit intermittent detectability:
they are visible only when active, and can remain undetectable for hundreds of frames. Similar
issues also arise from imaging conditions (e.g., low SNR, out-of-focus motion, or occlusions) and
for other biological targets such as quantum dots [68] or photo-switchable fluorophores [69].

When targets are missed for more than 10 consecutive frames, most MOT algorithms, in-
cluding those proposed in this thesis, fragment trajectories into multiple short tracklets. These
must then be linked into full-length trajectories through a dedicated tracklet stitching post-
processing step. Early approaches, such as [68], used local intensity to compute minimal paths
between tracklets, but were designed for well-separated targets. More general approaches were
later developed based on computing pairwise tracklet-to-tracklet costs and solving an optimal
assignment with a Linear Assignment Problem (LAP) [27, 28], typically using position-based
distances. Nonetheless, none of the above methods tried to exploit the visual signature of
targets, which is usually preserved through time.

125
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Figure VI.1: Overview of the complete tracking pipeline, with our proposed visual tracklet-
stitching method for Hydra’s neurons. (a) Input time-lapse sequence (GCaMP imaging). (b)
Target detection in each frame, here using the Wavelet spot detector [24]. (c) Detections
are linked into short trajectories (tracklets). At the time of this work (2022), the eMHT
algorithm [26] was employed, as the more robust KOFT/BKOFT algorithms had not yet been
developed. In this example, γi and γk track the same neuron at different temporal segments,
whereas γj follows another neuron. (d) Self-supervised learning of discriminative visual features
from patches around tracked targets. Triplet loss is used to produce discriminative target-
specific features. (e) A hybrid tracklet-to-tracklet cost, combining visual and positional cues,
is constructed. Temporal masking of backward links reduces computational load and improves
stitching accuracy. A tracklet can remain unlinked by associating it to a virtual tracklet (̄i, j̄, k̄)
with cost η. The optimal assignment minimizes the total cost; on this simple example, the
minimal cost is Cik + 2η, linking γi to γk, while γj and γk remain unlinked.

In this Chapter, we extend the LAP framework for tracklet stitching by incorporating both
positional and visual information into the tracklet-to-tracklet cost. To compute robust visual
costs, we extract square image patches around detected targets and embed them into discrimina-
tive features using a self-supervised convolutional neural network (CNN). We demonstrate that
these visual features allow for robust stitching of fragmented tracklets into accurate full-length
trajectories, outperforming state-of-the-art approaches for Hydra’s neurons.

VI.2 Method

VI.2.1 Tracklets

Our method takes as input the output of an arbitrary tracking algorithm. At the time of this
work (2022), our own MOT algorithms had not yet been developed, and we therefore relied on
existing state-of-the-art unsupervised tracking-by-detection approaches.

For the detection stage (Figure VI.1.a–b), we used the Wavelet spot detector [24], which
only requires manual adjustment of the spot scale and detection threshold, and generally yields
reliable detections. For the linking stage, we employed eMHT [26], implemented in the Icy soft-
ware [50]. eMHT is a Bayesian Multiple Hypothesis Tracking algorithm (see Chapter II.1.3.4)
that can effectively handle short-term (<5 consecutive frames) missed detections.

Formally, for a given video the tracking algorithm produces a set of N tracklets Γ1:T =
{γi

1:T }1≤i≤N . For each tracklet i at frame t, let wi
t ∈ Rd denote its pixel coordinates. We denote

by wi
ti
b:ti

d
the sequence of positions between its birth at ti

b ≥ 1 and its death at ti
d ≤ T , where

T is the total number of frames in the time-lapse sequence.
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VI.2.2 Tracklet Stitching

As outlined above, the goal of tracklet stitching is to recover complete trajectories from frag-
mented tracklets (e.g., γi and γk in Figure VI.1.c), which typically arise when targets are only
intermittently detectable.

We formulate the stitching problem as a Linear Assignment Problem (LAP), following [27,
28]. The LAP seeks the optimal set of tracklet-to-tracklet links L that minimizes a linking cost
C. A link between two tracklets γi, γj ∈ Γ1:T is denoted as (i → j) ∈ L ⊂ J1, NK2. Note
that a single trajectory may be fragmented into n tracklets, in which case n− 1 links must be
recovered. For example, if γi, γj , and γk correspond to the same target, the correct solution
requires both (i→ j) and (j → k) to be included in L.

The main contribution of this work is the design of a hybrid tracklet-to-tracklet cost matrix
C ∈ RN×N that jointly leverages learned visual features and positional information. Optimal
assignments L are then computed using the Jonker–Volgenant algorithm [30]. Because not all
tracklets should be linked, the LAP is augmented with virtual tracklets (Figure VI.1.e) Linking
a real tracklet to a virtual one incurs a fixed cost η, which represents the maximum acceptable
linking cost. In practice, this ensures that a tracklet remains unlinked whenever all potential
links exceed η.

Different sources of information (e.g., position, appearance, motion) can contribute to defin-
ing tracklet similarity. However, the optimal combination is typically data-dependent. The
following sections detail the construction of our hybrid cost matrix C, which integrates both
positional and visual cues to achieve robust stitching of fragmented trajectories.

VI.2.2.1 Positional cost

A simple way to define positional cost for linking two tracklets γi, γj is to take the distance
between the last position of the first tracklet and the first position of the second tracklet [27].
Let’s assume that ti

d ≤ tj
b, then

Cpos
ij =

∣∣∣∣∣∣∣∣wi
ti
d
−wj

tj
b

∣∣∣∣∣∣∣∣
2

(VI.1)

with ||.||2 the Euclidean norm.

In some cases, target motion is spatially correlated. For example, when motion is induced
by a common support, such as cells in tissues (e.g., neurons in Hydra) or molecules of the cell
membrane. Then, the motion of neighbor targets can provide information on the trajectory
of a given target. With this in mind, the EMC2 algorithm [28] predicts the forward and
backward positions of targets using Thin Plate Splines (TPS) interpolation between positions
of tracked neighbors. Let ŵi

t be the forward TPS estimate of the target position after the
tracklet termination, i.e. for frames t ≥ ti

d. Similarly, for frames before tracklet birth, i.e.
for frames t ≤ ti

b, we define ŵi
t as the backward TPS estimate of the target position. Then,

assuming that ti
d ≤ tj

b, the positional cost defined in [28] is given by:

CEMC2
ij = min

t∈Jti
d, tj

bK

∣∣∣∣∣∣ŵi
t − ŵj

t

∣∣∣∣∣∣
2

(VI.2)

VI.2.2.2 Visual cost

In addition to positional information, visual features can also be used to compare and define a
cost between tracklets. Let assume that each tracklet γi at each frame t can be characterized
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by visual features f i
t ∈ Rp, with p the dimension of the feature vector. These features are build

to describe the visual content (shape, noise, texture) of a target and to discriminate between
different targets (see Chapter VI.2.4). We can then define a visual cost for the link (i → j) as
the smallest distance between the visual features of γi and γj :

Cvis
ij = min

ti∈Jti
b, ti

dK,tj∈Jtj
b, tj

dK

∣∣∣∣∣∣f i
ti − f j

tj

∣∣∣∣∣∣
2

(VI.3)

VI.2.2.3 Temporal masking

To eliminate impossible or redundant links, we use temporal information, and define a boolean
mask M ∈ {0, 1}N×N as Mij = 1(ti

d ≥ tj
b). When Mij = 1, the cost calculation is skipped and

Cij =∞: no link can be made between tracklets γi and γj .

The mask simply states that the cost of (i → j) is computed only when γi ends before γj

begins, allowing only forward temporal linking. The benefits are twofold: it improves computa-
tion time (less than half of the links are considered) and it also improves the overall performance
of the stitching because it avoids competition between backward and forward temporal links.

Indeed, with a target tracked by three or more tracklets (i → j → k), the link (j → i)
is incompatible with (j → k) and, without masking, the assignment algorithm would have to
choose between the two.

VI.2.2.4 Final cost matrix

Rather than choosing a single metric to construct the cost matrix, we merge positional and
visual information to define a more robust hybrid cost.

Let (Cpos, CEMC2, Cvis) = (Ck)1≤k≤K be the different K candidate cost matrices. We first
normalize each cost matrix in [0, 1]: Ĉk = Ck−min(Ck)

max(Ck)−min(Ck) , before merging costs them via a
weighted average:

Cij(β) =
{
∞ if Mij = 1∑K

k=1 βkĈk
ij otherwise

(VI.4)

where β = [β1, . . . , βK ] are the weights associated to each metric. These weights have to be
tuned for each specific tracking problem, and we present in Chapter VI.2.3 an optimization
algorithm to learn a nearly optimal mixture of costs from few annotated tracklets links.

VI.2.2.5 Tracklet Stitching Evaluation

We evaluate tracklet stitching performance by assessing the ability to recover ground-truth links
from the set of predicted links. To this end, we manually annotated a video and its associated
tracklets, resulting in a set of ground-truth links L = {(i → j) ∈ J1, NK2}. For a given cost
matrix C and non-linking cost η, our tracklet stitching framework predicts a set of links L̂(C, η),
which we compare to L.
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We report classical retrieval metrics: precision, recall, and F1-score, defined as

P(C, η) =

∣∣∣L̂(C, η) ∩ L
∣∣∣∣∣∣L̂(C, η)

∣∣∣ , (VI.5)

R(C, η) =

∣∣∣L̂(C, η) ∩ L
∣∣∣

|L|
, (VI.6)

F1(C, η) = 2 · P(C, η) R(C, η)
P(C, η) + R(C, η) . (VI.7)

The choice of η ∈ [0, 1] plays a critical role. Small values of η favor high-precision but
low-recall predictions (fewer links are accepted), while larger values yield higher recall at the
expense of precision.

To obtain a performance measure independent of η, we compute the Average Precision
(Links-AP), corresponding to the area under the precision–recall curve, as η varies from 0 to 1:

Links-AP(C) =
1∑

ηp=0
P(C, ηp)

(
R(C, ηp)− R(C, ηp−1)

)
. (VI.8)

Finally, for our method, the best cost-mixture weights β⋆ are selected by grid search, opti-
mizing the Links-AP metric. An alternative, annotation-efficient learning strategy is presented
in the following Section.

VI.2.3 Costs mixture weights learning

In the previous Section, we find (nearly) optimal weights β⋆ by grid-search which require a
complete annotation of tracklet links for at least hundreds of frames.

We present here an alternative to grid search using much fewer manually annotated links so
that the weights β of each cost can be easily tuned on new data. Let’s assume to have annotated
only a small subset of the links L̃ ⊆ L of cardinal |L̃| ≪ |L|. Our approach then focuses on a
single linear optimization problem to find suitable weights β, approaching the performance of
the optimal ones β⋆.

For each manually-annotated link (i → j) ∈ L̃, the cost Cij(β) should be smaller than the
cost of any concurrent link. Formally, we define for a given link (i → j) the set of concurrent
links as:

L(i→ j) = {(p→ q)| p = i xor q = j} , (VI.9)

in other words, all links that share a common tracklet with (i→ j).

An ideal cost matrix should verify that for all annotated links in L̃, the associated cost
should be minimal, compared to the other concurrent links, that corresponds to the following
minimax optimization problem:

min
β∈RK

max
(i→j)∈L̃

(p→q)∈L(i→j)

Cij(β)−Cpq(β) (VI.10)

By introducing a margin ϵ, we solve the equivalent linear minimization problem with a Simplex:
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minϵ∈R,β∈RK ϵ

with βT1K = 1 and β ≥ 0
∀(i→ j) ∈ L̃, ∀(p→ q) ∈ L(i→ j),
Cij(β) ≤ Cpq(β) + ϵ

(VI.11)

VI.2.3.1 Weights Learning Evaluation

To evaluate our learning of the cost mixture weights β, we rely on our annotated ground truth
links L. We randomly sample a subset L̃ of |L̃| links and learn the weights β through our linear
optimization problem (Eq. VI.11). Then, we evaluate the resulting cost C(β) on all the links,
measuring the Links Average Precision on the link retrieval task. The results is compared with
the AP measured with the optimal weights β⋆. We repeat this operation 50 times for each given
number of annotated links |L̃| < |L| to account for the variability of the method due to link
sampling.

VI.2.4 Learning visual features

Visual comparison between target could increase the accuracy and robustness of tracklet stitch-
ing. But this requires defining a visual embedding of the tracked objects. In biological track-
ing, several method have used ad hoc features (usually the shape, size or intensity of the tar-
get) [27,123,186,187]. Instead, we propose to use self-supervised learning to automatically learn
the visual features that are relevant to this tracklet-stitching task.

We train a CNN encoder φ to visually discriminate target using only tracklet knowledge and
thus requiring no human annotations. For each tracklet position wi

t, let P i
t be the L×L spatial

image patch extracted from frame t and centered on wi
t (Figure VI.1.c shows different patches

around target for three tracklets). Each patch is encoded by the CNN into discriminative
features f i

t = φ(P i
t ) ∈ Rp. The training goal is to produce similar features for patches from the

same tracked target, but distant features for different targets.

Training Training is done on a single video with its associated tracklets. We extract the
patches corresponding to all the defined positions of all the tracklets. Tracklets are divided
into training (70%) and validation (30%) tracklets based on their position. We ensure that the
training patches do not overlap with any of the validation ones.

The CNN is trained with the triplet loss [188] which has been introduced for learning sim-
ilarities and dissimilarities between images. Let {Pa, Pp, Pn} be a triplet of patches (anchor,
positive, negative), and {fa, fn, fp} their respective features. Then the triplet loss with margin
m is defined as:

L (fa, fp, fn) = max
(
||fa − fp|| − ||fa − fn||+ m, 0

)
(VI.12)

Intuitively, the loss increases when the anchor features are closer to the negative ones than the
positive ones. We therefore generate triplets so that the positive and anchor patches are from
the same target, which is different than the negative one: we first sample uniformly an anchor
tracklet γi and two random patches Pa and Pp from it (different frames of the same tracklet).
Then, we sample a tracklet γj which overlaps temporally with γi. This prevents γi and γj from
tracking the same target. Finally, we sample a random patch Pn from γj (see Figure VI.1.d).
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Validation We define a pretext and unsupervised task to validate the training on our valida-
tion tracklets. The global visual aspect of a tracklet is characterized by the average of its patch
features f̄ i = 1

ti
d−ti

b+1
∑ti

d
t=ti

b
f i
t .

For each tracklet γi, the encoder φ should cluster all the tracklet features F i = {f i
t}t∈Jti

b, ti
dK

around the average features f̄ i. To evaluate this, we retrieve the n-closest features F̂ i(n) ⊂⋃
i′ F i′ among all computed features in the validation set. If the encoder is well trained, the

tracklet features should be retrieved before the features of the other tracklets. As n increases,
the recall increases and the precision reduces. We therefore define our validation metric as the
mean Average Precision (mAP) of this retrieval task. Formally, it writes:

mAP = 1
N

N∑
i=1

∞∑
n=1

P
(
F̂ i(n), F i

)
·
[
R

(
F̂ i(n), F i

)
− R

(
F̂ i(n− 1), F i

)]
(VI.13)

Implementation details We assume a homogeneous target spatial distribution and set the
patch size L to be ∼ 3 times the average closest target distance (L = 32 pixels in our case) to
include neighboring targets in each patch. This allows the CNN model to encode the target-
specific shape, noise and texture, as well as the presence of neighboring targets. Patch intensities
are normalized using the overall pixel mean and standard deviation in the training dataset. We
use a default ResNet18 [115] architecture. After the last convolutional layer, adaptive average
pooling is used, and a final linear layer projects the features onto a p = 50-dimensional space.

A batch size of 512 is used, and learning rate is tuned on the validation set from
[
10−5, 10−3]

.
We used a fixed version of Adam [189] with weight decay (10−2): AdamW [190]. The momenta
are set to 0.9 and 0.999 and the margin of the triplet loss is set to m = 1.

The CNN is trained for 20,000 steps with validation every 100 steps, the best network on
validation set is selected. As patches are small, a full training lasts less than 2h on a single
A100 Nvidia GPU.

VI.3 Results

We validate our method on time-lapse fluorescence sequences of Hydra Vulgaris neurons (Ta-
ble VI.1) acquired with a spinning disk confocal microscope, using two fluorophores: GCaMP
for calcium imaging (intermittent detectability) and TdTomato for nuclear labeling (stable).

Across the four videos, tracklets were generated with the Wavelet spot detector [24] followed
by eMHT linking algorithm [26]. For Video 1, we manually annotated all 784 tracklets, yielding
a total of |L| = 353 ground-truth links, which served as the basis for evaluating the different
stitching methods.

VI.3.1 Visual features learning

Table VI.1 reports the clustering performance of our CNN on tracklet patches. An individual
CNN was trained independently for each corresponding video.

As expected, the task is inherently easier when the number of tracklets is small and tracklets
are short, making direct performance comparisons across videos irrelevant. Still, a consistent
trend can be observed: the CNN produces more robust and discriminative embeddings than
simply using raw pixel values (no encoder). While raw features perform reasonably well given
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Table VI.1: Data and self-supervised visual training results on Hydra Vulgaris.
Hydra is imaged using two different fluorophores: GCaMP or TdTomato. We compare the mean
Average Precision (mAP) of the features retrieval validation task with our trained contrastive
features (ResNet18) versus raw features (flatten images as features).

Video 1 2 3 4
Nb. Frames 251 401 401 1000
FOV size 1024× 1024 669× 488 669× 488 1024× 898
Fluorophore GCaMP GCaMP TdTomato TdTomato
Nb. tracklets 784 1275 1763 4022
Median tracklet length 27 19 39 68.5
Nb. patches 45k 75k 162k 768k
mAP (Raw) 98.2% 96.6% 91.5% 77.9%
mAP (ResNet18) 99.3% 98.4% 94.8% 97.6%

Table VI.2: Tracklet links retrieval: We report the Average precision (Links-AP) of the
different cost matrix methods on Video 1, which was fully annotated with 353 ground-truth
links. We also report the impact of temporal masking in our LAP framework.

Cost Masking Links-AP
Position-only: Cpos [27] Yes | No 49.1% | 22.6%
Motion guided: CEMC2 [28] Yes | No 84.7% | 41.2%
Visual-only: Cvis (Ours) Yes | No 64.6% | 26.8%
Best Mixture: C(β⋆) (Ours) Yes 92.0%

the simplicity of the patches, CNN-based features significantly outperform them for both flu-
orophores (GCaMP and TdTomato). Importantly, in the most challenging case (Video 4),
raw features suffer a sharp drop in performance, whereas the learned features remain stable,
indicating the increased robustness of the CNN representations.

VI.3.2 Tracklet stitching

Results for tracklet stitching on Video 1 are reported in Table VI.2 and Figure VI.2.a. We first
observe that temporal masking substantially improves performance: for example, the average
precision of the EMC2 cost nearly doubles when temporal masking is applied.

Regarding the different cost functions, our CNN-based visual distance outperforms the naive
positional distance [27], improving the Links-AP from 49.1% to 64.6%. However, it remains
below EMC2 [28], which achieves 84.7% AP. This behavior is expected in the context of Hydra
neuron tracking: visual appearance alone provides limited discriminative power, as some neurons
share similar visual aspects, while being spatially distant. In contrast, positional and motion
cues remain highly informative.

Combining both sources of information proves most effective. Our best cost mixture C(β⋆)
reduces the linking errors of EMC2 by a factor of almost two, achieving 92% AP (8% remaining
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(a) (b)

Figure VI.2: Tracklet stitching results on Video 1. (a) Precision-Recall curves as η
increases from 0 to 1 for different cost matrix methods. Our best mixture found by grid-search
(β⋆) outperforms all other approaches, for any value of η. (b) Average precision (Links-AP)
versus number of annotated links used to learn the mixture weights β (95% confidence interval
on 50 trials). The other costs method are displayed as horizontal lines, as they are independent
from the number of annotated links.

errors versus 15.3% for ECM2). Setting the non-linking threshold η⋆ to maximize the F1 score
yields η⋆ = 0.05, with a final performance of 90.1% F1 (94.1% precision and 86.4% recall).

VI.3.3 Grid search versus Weights learning

Figure VI.2.b shows the evolution of the Links-AP on Video 1, which contains 353 annotated
ground-truth links, as a function of the number of annotated links |L̃| ∈ {5, 10, 20, 50, 100, 250}
used to learn the weights β (Eq. VI.11). We compare the cost induces by the learned weights
C(β) with the optimal one obtained by grid search on all the annotations C(β⋆), as well as
with the individual cost methods.

Remarkably, with only 10 annotated links, our algorithm learns weights β that already
outperform any single cost metric. With more annotations, performance steadily improves and
rapidly approaches the optimum found by grid search.

Grid search yields the best weights (β⋆
EMC2, β⋆

vis, β⋆
pos) = (0.9, 0.1, 0.0). This indicates that,

on Hydra data, motion-corrected positions from EMC2 provide the dominant information for
tracklet stitching, while visual features contribute to resolving ambiguities between spatially
close neurons. In contrast, the raw positional cost is not used, reflecting the strong deformations
of the animal. When learned from annotations, the weights evolve from (0.59, 0.22, 0.19) with
only 5 links, to (0.78, 0.14, 0.08) with 20 links, and finally converge toward (0.87, 0.11, 0.02),
very close to the optimal β⋆.

Since the optimal weights β are dataset-dependent, these results highlight the strength of
our learning approach: it can reliably estimate near-optimal mixtures from only a handful of
annotated links, making it practical for adapting the framework to new datasets with minimal
supervision.

VI.4 Discussion
In this Chapter, we proposed a post-processing method to robustly stitch tracklets of intermit-
tent targets in Multiple Object Tracking. Our main contribution is the integration of both visual
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and positional features into the tracklet-to-tracklet cost, extending the EMC2 framework [28],
which uses a Linear Assignment Problem (LAP) to optimally merge fragmented tracklets into
full trajectories.

For the visual component, square patches centered on detections are extracted and embed-
ded into discriminative features using a ResNet [115] trained with contrastive self-supervised
learning. For the positional component, we re-use previously defined motion costs, from raw
Euclidean distance [27] to the motion corrected EMC2 [28]. To combine both sources of infor-
mation, we introduce an optimization algorithm that learns the optimal linear mixture of visual
and positional costs from only a few manually annotated links. On fluorescence recordings of
Hydra Vulgaris neurons, our framework reduces stitching errors by a factor of two compared to
EMC2.

In constructing the visual metric, we relied on a standard ResNet architecture originally
designed for natural images. However, in many biological contexts, visual features are less
complex than in natural scenes. We therefore expect that smaller architectures could provide
comparable accuracy with reduced computational cost. In addition, our training relied on the
triplet loss [188]; more recent contrastive objectives such as InfoNCE [191], NT-Xent [192],
or Barlow Twins [193] have demonstrated superior performance and may further improve the
discriminative power of learned features. Exploring these alternatives remains an interesting
perspective for future work.

This preliminary study did not include comparisons with handcrafted visual features [186],
which could potentially yield similar performance. Nevertheless, self-supervised learning of-
fers the advantage of generalization across datasets without requiring dataset-specific expert
knowledge.

Finally, the proposed optimization strategy for learning cost combinations from very few
annotations is particularly promising. By enabling near-optimal parameter tuning with minimal
manual input, it increases the versatility of the framework and facilitates its application to new
biological datasets with limited supervision.



Chapter VII

Conclusion and Perspectives

VII.1 Applications

VII.1.1 Hydra Vulgaris

At the beginning of this manuscript (see Chapter II.4), we showed that standard MOT ap-
proaches struggle to track Hydra neurons reliably. Large and sudden contractions of the an-
imal, combined with missed detections and false positives, introduce frequent tracking errors.
Figure II.8 highlighted a typically hard example: the contraction of a Hydra tentacle. Fig-
ure VII.1 illustrates how our newly developed algorithms, KOFT and KOFT-MHT, achieve
much greater robustness on the same hard example, enabling the correct tracking of most neu-
rons despite the contraction event. To facilitate visualization, we uploaded videos1 of the first
10s of this tentacle example tracked with the different tracking methods.

While KOFT resolves most motion-related errors, in this extreme case optical flow slightly
underestimates the downward displacement, leading to several identity switches. For instance,
tracks 1 and 2 swap identities with tracks 3 and 4. These switches occur because the under-
estimation of motion coincides with missed detections. Nevertheless, thanks to the optical-
flow-enhanced motion model, KOFT terminates the affected tracks instead of reassigning them
incorrectly. In contrast, eMHT and TrackMate mistakenly link these tracks to detections
above, triggering cascades of failures across other non-displayed tracks.

By integrating our Bayesian and Multiple Hypothesis Tracking framework, KOFT-MHT
becomes more robust to detection errors. In particular, it leverages subsequent frames to identify
that track 2 was only temporarily missed, successfully recovering the trajectories of neurons 2
and 4 without identity switches. For neuron 3, which truly goes out of focus, KOFT-MHT
still terminates track 1 instead of track 3, a limitation caused by the optical flow underestima-
tion. Moreover, KOFT-MHT can bridge longer gaps than KOFT; for example, neuron 0 is
terminated too early by KOFT, whereas KOFT-MHT maintains the track correctly.

We further evaluated KOFT-MHT against eMHT on a 100-second TdTomato video (1000
frames at 10 Hz). To bridge short gaps caused by neurons going out of focus, we applied the
eMC2 [28] stitching procedure, limited to gaps shorter than 30 frames. Following the practice
of TRASE-IN [22], only tracks spanning more than 800 frames were retained, as full-length raw
calcium traces are required for downstream analysis.

Under these conditions, KOFT-MHT successfully reconstructed 446 long tracks, compared

1https://partage.imt.fr/index.php/s/7cYJXqB2Qwao3a6
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(a)

(b)

(c)

eMHT track (id)5

KOFT track (id)5

KOFT-MHT track (id)5
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Figure VII.1: Remaining tracking errors of our newly developed MOT approaches
on the contracting tentacle example of Figure II.8.
(a) Six representative tracks obtained with eMHT [26], reproduced from Figure II.8 for com-
parison.
(b) The same six tracks with KOFT. Here, track 5 is perfectly reconstructed. Track 1 (resp. 2)
still swaps with track 3 (resp. 4) at t = 7, but unlike in eMHT, tracks 3 and 4 are terminated
rather than being wrongly reassigned. Track 0 is accurately tracked up to frame 10, after which
consecutive missed detections lead to premature termination before frame 13.
(c) The same six tracks with KOFT-MHT. In this case, tracks 0, 2, 4, and 5 are reconstructed
without error. Track 1 still briefly swaps with track 3, which then terminates. Thanks to the
Bayesian solver combined with the optical-flow-enhanced motion model, most errors induced
by synchronous missed detections during tentacle contraction are corrected.

(a) (b)

(c) (d)

Figure VII.2: Long-term tracking of TdTomato neurons over 1000 frames (100s).
(a) KOFT-MHT recovers 446 long tracks (that spans over more than 800 frames), overlaid on
the first frame of the sequence. (b) eMHT produces 421 such tracks under the same conditions.
(c) Among 20 randomly sampled KOFT-MHT tracks, only one (in red) is erroneous, while 19
are correct (green). (d) In contrast, eMHT produces 5 erroneous tracks out of 20.
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with 421 for eMHT, representing an improvement of 25 trajectories. In both cases, this corre-
sponds to approximately half of the ∼800 visible neurons. Qualitative inspection (Figure VII.2)
shows that KOFT-MHT not only produces slightly more complete trajectories, in particular
in the tentacles of the Hydra, but also yields substantially fewer errors: among 20 randomly
sampled tracks, only one was incorrect with KOFT-MHT, versus five with eMHT. These re-
sults highlight that KOFT-MHT greatly facilitates downstream neuronal activity analysis by
providing both more complete and more reliable long-term trajectories.

Overall, our proposed methods significantly outperform existing MOT approaches for Hydra
neuron tracking. These algorithms are implemented in the Python library ByoTrack and are
already in use in our laboratory and in Rafael Yuste’s lab (Columbia University) for neuronal
activity studies, as a replacement of the previously used eMHT algorithm [22].

VII.1.2 Cell Tracking Challenge

Although this thesis focuses on Hydra neuron tracking, we also aimed to design general-purpose
tracking methods applicable to other biological targets. After developing KOFT, we partic-
ipated in the Cell Linking Benchmark2 (CLB) of the Cell Tracking Challenge (CTC) [59] to
evaluate KOFT performance on datasets involving cell division. In this section, we describe our
minor adaptation of KOFT to support mitosis and to automatically tune parameters across a
wide range of cell tracking scenarios.

VII.1.2.1 Cell Linking Benchmark

In the CLB, the linking part of tracking-by-detection algorithms (see Chapter II) are evaluated
on 16 datasets (13 experimental and 3 synthetic, in 2D and 3D), each providing approximate
cell segmentation. Each dataset contains 4 videos: 2 with public tracking annotations (typically
used for training deep models) and 2 with private annotations reserved for evaluation. Across
datasets, cells vary greatly in size, motion, and visual appearance (see Figure I.14), and mitosis
occurs only in a subset of datasets. A successful algorithm must therefore handle both consistent
tracking and division events.

Performance is evaluated with the LNK metric, which measures the normalized AOGM [194],
i.e. the minimal number of operations required to transform the predicted tracking graph into
the ground truth one. In addition, four biologically meaningful measures are aggregated into
the BIO score, which reflects the ability to reconstruct full trajectories and capture mitoses.
The final score (OP) is the average of LNK and BIO.

VII.1.2.2 KOFT Adaptation

We adapted KOFT (Chapter IV) to the CTC datasets with three minor modifications:

1. Brownian motion. Cells in the CTC datasets typically exhibit Brownian-like dynamics
rather than directed motion. We therefore used the Brownian Kalman filter model described in
Chapter IV.2.3.

2. Distance-based association. We replaced our likelihood-based association (maximizing
measurement likelihood) with a simpler Euclidean distance minimization criterion. For each
active track γi

1:t, with its predicted state x̄i
t+1 and detection zj

t+1, we compute the linking cost
2https://celltrackingchallenge.net/latest-clb-results/

https://celltrackingchallenge.net/latest-clb-results/
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as:
Cij =

∥∥∥Hposx̄i
t+1 − zj

t+1

∥∥∥
2

. (VII.1)

This choice simplifies the estimation of the association threshold η, which is now expressed in
pixels.

3. Mitosis detection. To detect splitting events, we introduced a second linking step be-
tween already linked tracks and unmatched detections. We biased associations toward plausible
mitoses by incorporating size information. If track i (size ρi) is linked to detection j (size ρj),
the cost of linking i to another detection k (size ρk) is:

C̄ik = Cik · γjk · γ′
ijk,

where γjk = max(ρj ,ρk)
min(ρj ,ρk) penalizes size disparity between the two children, and γ′

ijk = max(ρi,ρj+ρk)
min(ρi,ρj+ρk)

penalizes size inconsistencies between the parent and children. This step is solved with the
Jonker–Volgenant algorithm [30].

VII.1.2.3 Parameter Estimation

To ensure generality, we designed simple rules to automatically set KOFT parameters from
detection statistics. Specifically, we compute: (1) the average cell radius ρ, (2) the average
nearest-neighbor distance dclosest, and (3) the ratio MT

M1
between the final and initial number of

detected cells.

Parameters are then set as follows:

• Kalman uncertainties: σpos = ρ
2 , σvel = σacc = 3ρ (low reliance on optical flow, since

Farneback performs poorly on these datasets).

• Farneback window size: w = max(10, ρ/2).

• Association threshold: η = max(3ρ, dclosest).

• Splitting events considered only if MT
M1

> 30%.

• τmin = 1 (no false positives in CLB), τmax = 1 (few missed detections in CLB).

We further refined some parameters (τmax, η or split handling) with a grid search on the
two training videos of each dataset. As OpenCV’s Farneback does not support 3D, we used
SKT in 3D while keeping the rest of the framework unchanged. We emphasize that our KOFT
implementation does also support 3D optical flow methods, but we did not manage to find a
suitable optical flow in 3D in the restricted time that we had for the submission.

VII.1.2.4 Results

As shown in Table VII.1, KOFT ranked first in the general submissions, achieving the highest
OP score across the 13 experimental datasets. Remarkably, it also outperformed supervised
methods such as TrackAstra, zTrack, and RWTH-GE. This is likely due to the limited
training data (two videos per dataset) and occasional annotation errors, which may have hin-
dered supervised methods. Notably, KOFT achieved an 86.2% BIO score despite its simple
mitosis module, while all competing methods remained below 80%.
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Table VII.1: Cell Linking Benchmark results (general submissions). LNK, BIO, and OP
scores are averaged over the 13 experimental datasets.

Method LNK BIO OPCLB

TrackMate [128] (Baseline) 96.4% 74.7% 85.5%
TrackAstra [64] (EPFL-CH) 97.7% 79.4% 88.6%
Baxter [119] (KTH-SE) 95.8% 75.2% 85.5%
TrackTour [105] (MON-AU) 91.4% 67.4% 79.4%
zTrack (SIAT-CN) 96.6% 71.5% 84.0%
RWTH-GE 97.2% 69.9% 83.5%
KOFT [66] (PAST-FR) 98.4% 86.2% 92.3%

Across all 16 datasets, KOFT ranked first or second on the LNK metric in 13 cases, while
TrackAstra (the next-best method) achieved second place or better in only 8 cases. This
outlines the robustness of our approach on such cell tracking datasets.

We anticipate that our Bayesian tracker KOFT-MHT would achieve even higher scores
(though it was not developed at the time of submission). However, improvements may be
modest, since CTC segmentations are highly accurate (with not a single false positives and
very few misses), and extending MHT to explicitly handle cell division [132,134] is substantially
more complex than our minor modification to KOFT.

VII.1.3 Broader Biological Applications

Since the development of our SKT and KOFT tracking algorithms, we have distributed them
to other biological researcher for very different applications. Figure VII.3 shows the variety of
the targets in our collaborations, and below is the list of (known) applications of our tracking
algorithms:

• Hydra neurons (J.-C. Olivo-Marin lab, Institut Pasteur & Yuste lab, Columbia University)

• Zebrafish neurons (L. Hernandez-Nunez lab, Harvard University & Naumann Lab, Duke
University)

• Entamoeba histolytica parasites (J.-C. Olivo-Marin lab, Institut Pasteur)

• Toxoplasma gondii parasites (I. Tardieux lab, IAB Grenoble)

• CCR5 membrane receptors (Jost Enninga lab, Institut Pasteur)

• Cell Tracking Challenge (see previous Section)

• T-cells (Exthymics, Californie)

This further indicates that our algorithms are indeed able to generalize to many different
biological targets, broadening the impact of this thesis beyond our Hydra Vulgaris animal model.
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(a) (b)

(c) (d)

Figure VII.3: Examples of broader biological applications. (a) Zebrafish neurons,
GCaMP 3D imaging with a Spinning Disk Confocal Microscope (from S. Zhang, L. Hernandez-
Nunez lab, Harvard University) (b) Toxoplasma gondii parasites, Spinning disk confocal micro-
scope (from G. Drumont, I. Tardieux lab, IAB Grenoble) (c) Entamoeba histolytica parasites,
Confocal Microscope [195] (M. Manich, J.-C. Olivo-Marin lab, Institut Pasteur) (d) CCR5
membrane receptors, Fluorescence TIRF microscopy [196] (from M. Bilay and A. Brelot, Jost
Enninga lab, Institut Pasteur)

VII.2 Thesis Summary

Deciphering neural coding in small behaving animals such as Hydra vulgaris begins with calcium
fluorescence imaging of the entire animal. This produces time-lapse sequences in which neuronal
fluorescence intensity correlates with activity. The first step in analyzing such data is to track all
neurons across the sequence and extract their activity profiles. To ensure reliable downstream
analyses, the tracking pipeline must be robust: it should maintain consistent neuron identities
over long time spans to capture activity correlations, while avoiding identity switches that
contaminate subsequent analyses.

In this thesis, we developed several methodological contributions to improve neuron tracking
in Hydra vulgaris. These contributions can be grouped into four main axes:

(1) SINETRA synthetic datasets. To address the lack of annotated experimental datasets
and of synthetic datasets resembling Hydra recordings, we developed SINETRA, a versatile
simulator for multiple-object tracking. SINETRA generates synthetic targets embedded in
deformable tissues, with realistic motion patterns obtained either from optical flow extracted
from experimental Hydra videos or from elastic spring models driven by random contraction
and elongation forces. The simulator produces 2D and 3D fluorescence videos corrupted with
Poisson shot noise and additive background autofluorescence mimicking the synthetic animal
body. Each video comes with full ground-truth annotations, enabling rigorous benchmarking
of tracking algorithms under conditions that closely represent the challenges of Hydra imaging.
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SINETRA thus provides a valuable foundation for developing and evaluating robust neuron
tracking methods.

(2) MOT with optical flow-enhanced motion models. We observed that a key limitation
of Bayesian tracking-by-detection methods lies in their motion models (usually Kalman filters),
which predict each target’s motion independently from past measured positions. These models
are unable to anticipate sudden accelerations, that typically occur when the Hydra contracts.
To overcome this, we introduced optical flow as an additional “sensor” in the Kalman filter
framework, providing velocity estimates that anticipate future displacements. This optical
flow-enhanced Kalman filter yields motion predictions that balance noisy velocity estimates
with past positional observations. We integrated this model into an online frame-by-frame
tracker, KOFT, that clearly outperformed similar and more advanced Bayesian algorithms on
SINETRA and experimental Hydra data.

(3) Robust Bayesian Multiple Hypotheses Tracking: We developed a principled Bayesian
tracking framework and an efficient Multiple Hypothesis Tracking (MHT) solution capable of
robustly tracking numerous (>1000) biological targets. Building on the success of KOFT,
we introduced its Bayesian MHT counterpart, KOFT-MHT, which combines our optical-
flow–enhanced motion model with the Bayesian framework. This approach further improves
robustness, particularly under noisy detection conditions, and consistently outperforms all pre-
vious methods on SINETRA. In parallel, our SKT-MHT tracker—which excludes optical flow
(standard Kalman filtering)—outperformed state-of-the-art MHT frameworks, making it appli-
cable in contexts where optical flow is not reliable, or computationally prohibitive, broadening
the impact of our MHT method. Finally, our Bayesian trackers require only a few manual
parameters, all of which can be estimated with minimal knowledge of the tracking algorithm,
therefore extending their usability to non-expert users.

(4) Tracklet stitching with visual features. In calcium imaging with GCaMP fluo-
rophores, neurons are only visible when active, leading to intermittent detectability and frag-
mented trajectories: MOT algorithms, including ours, often produce short tracklets correspond-
ing to the periods of activity of the neuron. To reconstruct complete trajectories, we trained
a convolutional neural network using self-supervised contrastive learning to discriminate fluo-
rescent patches of neurons (32×32 pixels). We then solved the tracklet-to-tracklet association
problem using the Jonker–Volgenant algorithm, combining learned visual embeddings with spa-
tial and temporal cues. On experimental Hydra data, this approach reduced stitching errors by
a factor of two when compared to previous methods.

All tools developed during this PhD are open source and integrated into the ByoTrack li-
brary, which interfaces with Icy, Fiji, and soon Napari. While specifically designed for Hydra
vulgaris, our methods generalize to other systems, including C. elegans and Zebrafish. We
deliberately focused on unsupervised or self-supervised approaches to ensure broad applicabil-
ity across diverse biological targets, including cells, membrane receptors, parasites. Notably,
our methods SKT/KOFT ranked first in the Cell Linking Benchmark of the Cell Tracking
Challenge, outperforming both classical and supervised approaches.

Overall, this thesis contributes methodological innovations and practical tools that improve
the reliability of biological video analysis. In particular, by enabling consistent tracking of
neuronal activity, it contributes to a deeper understanding of neural dynamics in living animals.



VII.3. LIMITATIONS AND PERSPECTIVES 143

VII.3 Limitations and Perspectives

While this thesis advances the field of biological multiple object tracking (MOT) through novel
contributions, the scope of three and a half years inevitably left certain challenges unaddressed.
Below, we outline the primary limitations of our work and propose key perspectives to further
advance biological MOT, with a focus on neuron tracking.

Synthetic Simulator

Our synthetic simulator, SINETRA, currently models fluorescent images where neuronal activity
dynamics are not modeled (TdTomato). A critical extension would be to design datasets with
time-evolving individual neuronal activity, thereby increasing the realism to calcium imaging
(GCaMP). This would increase the challenge of the tracking benchmark and enable the rigorous
evaluation of tracklet stitching methods. For instance, our stitching method was validated on a
single manually annotated video. Moreover it would allow for the integration of global neuronal
activity models, such as those proposed by [23]. Such models could facilitate benchmarking of
the entire analysis pipeline, from tracking to the clustering of neurons into functional ensembles.

Additionally, SINETRA could leverage recent advances in deep generative models to produce
more realistic neuron shapes, moving beyond our current elliptic model. This enhancement
would be particularly valuable for image-based trackers that rely on visual features for target
re-identification across frames.

Optical Flow and Motion Modeling

Our work demonstrated that optical flow significantly enhances motion prediction and tracking
performance, provided the flow estimates are sufficiently accurate. While the Farneback
algorithm [179] proved robust for Hydra and SINETRA datasets, its performance degraded
on other datasets (e.g., CTC), necessitating reduced confidence in our KOFT algorithm and
limiting the optical flow-enhanced motion model accuracy. This limitation underscores the need
to benchmark a broader range of optical flow methods, particularly in 3D, where computational
complexity and the additional degree of freedom pose greater challenges.

An alternative approach on such datasets could involve integrating methods like Embed-
Track [63], which jointly learns cell segmentation and future displacement. Such methods
could replace optical flow in our framework. We emphasize that KOFT and KOFT-MHT
would directly benefit from any advances in optical flow-like algorithms.

Beyond the 1-to-1 Association Assumption

Our Bayesian trackers operate under the 1-to-1 association assumption, limiting their ro-
bustness when detections are merged or split—a common issue with unsupervised segmen-
tation methods like the Wavelet spot detector [24]. While deep learning-based detectors (e.g.,
StarDist [25]) mitigate such errors, we believe that removing this assumption within a Bayesian
Multiple Hypothesis Tracking (MHT) framework would improve tracking robustness at the
cost of generating more hypotheses and an increased computational complexity. While graph-
based [91, 105, 116, 117] or online [197] approaches have explored this direction, to the best of
our knowledge, no MHT framework currently supports multiple track-to-detection assignments.
Addressing this gap represents a promising avenue for future work.
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Handling Target Splitting and Merging

Our MHT trackers do not yet support target splitting and merging (different issue than detection
splitting/merging, see Chapter II), which are essential for handling cell mitosis. Incorporating
these—by generating corresponding tracking hypotheses [132,134]—would enable our methods
(KOFT-MHT and SKT-MHT) to compete in challenges like the Cell Tracking Challenge.

Integration of Visual Features in tracking

We demonstrated that visual features improve neuron identification in our tracklet stitching
post-processing step. Extending this idea to the tracking phase could further differentiate
between closely located neurons when motion models lacks precision. This concept is well-
established in natural image tracking (e.g., DeepSort, StrongSort), where visual features com-
plement positional Kalman filters [198, 199]. While we initiated this development, time con-
straints prevented its integration into this thesis. Future work could explore embedding visual
features into our MHT framework to refine associations and prune hypothesis trees. Calibrating
our contrastive CNN to output probabilistic estimates would also facilitate its integration into
our Bayesian framework.

Graph-Based Extensions

Our Bayesian framework could be extended into a graph-based method under the Markovian
cost assumption. While this assumption may be restrictive for directed motion, it could be com-
pensated by optical flow corrections and the advantages of optimizing over the full temporal
sequence. Unlike most graph-based approaches in biology—which rarely account for missed de-
tections or rely on ad-hoc costs—our principled Bayesian formulation models missed detections
as edges from t to t+τ with appropriate costs. For example, extending TrackTour [105] with
our Bayesian costs could enhance its performance. Moreover, such graph-based method could
directly tackles the tracklet-stitching problem by solving large gaps (> 50 frames), as long as
the hardware memory constraints supports it.

Improving Detection for Tracking

The performance of tracking-by-detection algorithms is fundamentally constrained by detection
quality. While deep learning-based detectors like StarDist [25] initially appeared sufficient
for our Hydra use case, residual errors—particularly in tentacle regions—highlight the need for
improved detection. Two promising directions include:

• Video-based detection: Leveraging temporal information across multiple frames to
inform detection decisions.

• Track-guided detection: Using tracking information from previous frames to bias de-
tection in subsequent frames.

Both approaches would violate the Bayesian MOT assumption of independent positional er-
rors across frames. However, the potential benefits for detection accuracy likely outweigh the
drawbacks of an imperfect tracking model.

Conclusion

These perspectives outlined above aim to address the current limitations of our work and push
the boundaries of biological MOT. By refining synthetic data generation, motion modeling,
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association strategies, and detection methods, we can further enhance the robustness and ap-
plicability of tracking frameworks.
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Appendix: Additional results

A.1 KOFT versus Warp-Then-Track
KOFT uses optical flow as an additional noisy measurement within a Bayesian motion model
(Kalman filter). A more straightforward alternative is to use optical flow for image registration:
detections are warped onto a reference frame and then linked, either with overlap-based or
distance-based frame-by-frame method [137, 148, 200] or with graph-based optimization, as in
Lineajea [62]. We implemented such a strategy, termed Warp-Then-Track (WTT), where
optical flow is used to warp detections prior to applying a standard tracking algorithm (SKT
or eMHT).

Instead of warping images, which is computationally expensive and prone to interpolation
artifacts that may degrade the detection process, we rather warp detections Z1:T . Each detection
zj

t at time t is mapped onto the last frame T via the cumulative optical flow Φt,T (computed
iteratively from flows (Φi,i+1)t≤i<T ):

ẑj
t = zj

t + Φt,T (zj
t ).

This yields warped detections Ẑ1:T on which any tracking algorithm can operate.

Since warping suppresses target dynamics, the resulting motion is well described by a Brow-

Table A.1: Comparison of Warp-Then-Track (WTT) approaches with KOFT on
SINETRA. We report the HOTA score [180] (at 2 pixels tolerance). Motion is modeled with
Brownian, Directed, or Accelerated Kalman filters. In eMHT, an IMM combines Brownian
and Directed models. Detections are obtained with the Wavelet spot detector [24]. For WTT,
Farneback optical flow [179] is used to warp detections before tracking. KOFT instead inte-
grates the same optical flow directly into its Bayesian motion model, with an uncertainty of
σvel = 1.0.

SINETRA Scenario Springs 2D Hydra Flow FPS
WTT-eMHT [26] (IMM) 91.0± 1.1% 86.5± 2.2% 2
WTT-SKT (Brownian) 89.6± 1.3% 84.6± 2.1% 8
WTT-SKT (Directed) 82.4± 2.4% 71.6± 2.4% 8
KOFT (Directed) 95.6± 0.6% 93.4± 1.9% 10
KOFT (Accelerated) 95.7± 0.6% 94.0± 1.8% 10
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nian model. Accordingly, we tested WTT-SKT with Brownian and Directed Kalman filters,
and WTT-eMHT with its standard IMM. For KOFT, we considered its default directed filter
and tested an accelerated Kalman filter, which explicitly models near-constant acceleration.

Table A.1 summarizes the results. First, WTT significantly improves the performance of
classical trackers compared to their non-warped versions (Table IV.2). For example, SKT
nearly halves its error rate: from 80.5% to 89.6% HOTA on Springs 2D, and from 72.8% to
84.6% on Hydra Flow. WTT-eMHT slightly outperforms WTT-SKT, reflecting the benefit
of multi-frame assignments (MHT) and IMM motion modeling.

Second, KOFT consistently outperforms WTT, reaching 95.6% HOTA on Springs 2D and
93.4% on Hydra Flow. Its advantage comes from three potential factors:

1. Uncertainty modeling: Unlike WTT, KOFT does not fully trust optical flow, but
treats it as a noisy measurement. This makes it robust to poor flows. For example,
under challenging conditions (low visibility α = 0.02, ∆ = 50.0, Fake@80% detector),
WTT-SKT and WTT-eMHT drop to 47.5% and 51.2% HOTA and are outperformed
by their non-warped counterparts that reach 64.3% and 74.4% HOTA. In contrast, KOFT
maintains 75.4% HOTA, outperforming all methods.

2. Improved state estimates: By integrating optical flow within Kalman filtering, KOFT
produces more accurate position estimates than standard models applied after warping.

3. Field-of-view limitations: WTT relies on a single reference frame. Targets outside
this frame (entering or leaving the field of view) cannot be tracked accurately. KOFT,
operating online, has no such limitation.

Finally, WTT-SKT with a directed filter underperforms, with HOTA scores below 85%.
This is expected, as warping removes motion dynamics, leaving a Brownian-like motion. In
contrast, KOFT preserves the natural dynamics and using an accelerated model even provides
slight additional gains (+0.1–1% HOTA).

In conclusion, while WTT improves classical trackers, our KOFT algorithm achieves higher
accuracy and robustness. Remarkably, it even outperforms WTT combined with advanced
MHT solvers, despite its relative simplicity. In essence, our optical-flow–enhanced Kalman
filter provides advantages over raw optical flow that are analogous to the benefits of standard
Kalman filtering over using raw positional measurements.

A.2 MHT - Impact of the Motion Model
We observed that eMHT outperformed our standard Bayesian tracker SKT-MHT in low-
quality detection settings (F1 score ≤ 70%). In this section, we demonstrate that this advantage
is largely due to the Interacting Multiple Model (IMM) filter implemented in eMHT, which
combines both Brownian and Directed motion models. With a Brownian motion model, SKT-
MHT consistently outperforms eMHT in low-quality detection settings.

We compared SKT-MHT and KOFT-MHT with both Brownian and Directed Kalman
filters, and eMHT with Brownian, Directed, and IMM filters, using our SINETRA simulator
(Springs 2D and Hydra Flow scenarios). Results are reported in Figure A.1.

The results confirm that Directed Kalman filters generally outperform Brownian ones in
our synthetic scenarios under high-quality detections (F1 ≥ 90%). However, in the presence of
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Figure A.1: Tracking performance of different motion models on synthetic videos.
The HOTA metric [180] with 2 pixels tolerance is reported with respect to detection accuracy
(Fake@F1). Methods are tested with different motion models: Brownian, Directed, or a mixture
(IMM). The light-colored envelope around each curve corresponds to the 68% confidence interval
(instead of 99.7% for visibility) over M = 5 simulations. (a) Results on Springs 2D synthetic
videos (b) Results on Hydra Flow synthetic videos

many false or missed detections, Brownian motion is more robust. With a relatively shallow
default tree depth (τdepth = 3), Directed motion may produce spurious tracks by consistently
linking false positives that drift away from true targets. In contrast, Brownian motion, which
assumes a null velocity, allows wrong associations to be corrected in subsequent frames.

Overall, our Bayesian tracker SKT-MHT consistently outperforms eMHT when both use
the same motion model (Brownian or Directed). The IMM in eMHT provides a practical
trade-off between both dynamics, at the cost of additional computational complexity, and has
the advantage of requiring less prior knowledge from the user.

For KOFT-MHT, these considerations are less critical, thanks to the additional optical
flow measurements that improve the robustness of both motion models. We note that Directed
KOFT-MHT performs slightly better than its Brownian counterpart, although both models
remain imperfect representations of the true motion. We expect that with a less accurate optical
flow, the process model would become more important, allowing a larger gain of the Directed
Kalman filter over the Brownian one.
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