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Abstract

Aerosol plumes, such as intense smoke or dust, affect population health by causing pollu-
tion peaks. These plumes are responsible for millions of deaths per year and are mainly due
to human activities. Therefore, we need an efficient and robust automatic plume track-
ing system that enables faster air quality prediction and supports environmental disaster
response (e.g., volcanic eruptions or pollution peaks). To achieve this, satellites should
be able to move their instruments directly to areas of interest to obtain the maximum
amount of data from specific events. Furthermore, due to the limited energy resources on-
board satellites, such tracking models should consume as little energy as possible. Unlike
standard artificial neural networks, Spiking Neural Networks (SNNs) consume very little
energy on suitable hardware, making them good candidates for this task. However, no
atmospheric plume datasets are available for Visual Object Tracking (VOT). In addition,
deep learning-based VOT methods have never been applied to atmospheric plumes, let
alone low-energy SNN trackers. This absence of trackers for such tasks raises the question
of the capacity of a tracker to extract relevant optical signatures from aerosol plumes. To
that end, we first introduce a new VOT dataset designed for atmospheric aerosol plume
tracking. This dataset is based on the Copernicus Atmosphere Monitoring Service Euro-
pean Air Composition reanalysis 4 (CAMS EAC4), a multi-year aerosol dataset produced
by the European Centre for Medium-Range Weather Forecasts (ECMWF). This dataset
focuses on sea salt and dust aerosol plumes. Then, inspired by the work of Bertinetto et
al., we adapt the Fully-Convolutional Siamese Network (SiamFC) tracker to SNNs. We
introduce a spiking SiamFC architecture, trained end-to-end with backpropagation and
the surrogate gradient method. In this model, we introduce new spiking mechanisms:
synchronised threshold adaptation, and a head-asymmetry mechanism that accumulates
spikes in the instance branch. Our results show that our spiking SiamFC yields higher
or similar performances to comparable SNN trackers, on generic object benchmarks. Fi-
nally, we evaluate our spiking SiamFC model on our aerosol plume tracking dataset.
Results show that our spiking tracker can learn plume features, paving the way for future

developments in VOT applied to aerosol plumes.



Résumé

Les panaches d’aérosols, tels que les fumées intenses ou les poussiéres, affectent la santé
des populations en provoquant des pics de pollution. Ces panaches sont responsables de
millions de déces chaque année et sont principalement dus aux activités humaines. Il est
donc nécessaire de disposer d’un systeme de suivi automatique des panaches efficace et
robuste, permettant un suivi plus rapide de la qualité de l'air afin de contribuer a la
gestion des catastrophes environnementales (par exemple, les éruptions volcaniques ou
les pics de pollution). Pour atteindre cet objectif, les satellites doivent étre capables de
diriger leurs instruments directement vers les zones d’intérét afin d’obtenir un maximum
de données sur des événements spécifiques. De plus, en raison des ressources énergétiques
limitées & bord des satellites, ces modeles de suivi doivent consommer le moins d’éner-
gie possible. Contrairement aux réseaux de neurones artificiels classiques, les réseaux de
neurones impulsionnels (Spiking Neural Networks, SNN) consomment tres peu d’énergie
sur du matériel adapté, ce qui en fait de bons candidats pour cette tdche. Cependant,
aucun jeu de données atmosphérique n’existe pour le suivi d’objets visuels (Visual Ob-
ject Tracking, VOT). De plus, les méthodes de VOT basées sur 'apprentissage profond
n’ont jamais été appliquées aux panaches atmosphériques, et encore moins les systemes
de suivi visuels SNN a faible consommation. Cette absence de systemes de suivi visuels
adaptés souléve la question de la capacité d’un modele de suivi a extraire des signatures
optiques pertinentes des panaches d’aérosols. A cette fin, nous introduisons d’abord un
nouveau jeu de données VOT congu pour le suivi des panaches d’aérosols atmosphériques.
Ce jeu de données repose sur la réanalyse européenne de la composition de I’air du service
Copernicus Atmosphere Monitoring Service (CAMS EAC4), un jeu de données multian-
nuel sur les aérosols produit par le Centre européen pour les prévisions météorologiques
a moyen terme (ECMWF). Ce jeu de données met principalement l’accent sur les pa-
naches d’aérosols de sels marins et de poussieres. De plus, en nous inspirant des travaux
de Bertinetto et al., nous adaptons le systeme de suivi visuel Fully-Convolutional Siamese
Network (SiamFC) aux réseaux SNN. Nous proposons une architecture impulsionnelle
de SiamFC, entrainée de bout en bout par rétropropagation a ’aide de la méthode du

substitut du gradient. Dans ce modéle, nous introduisons de nouveaux mécanismes im-



pulsionnels : une adaptation synchronisée du seuil et un mécanisme d’asymétrie de téte
accumulant les impulsions dans la branche d’instance. Nos résultats montrent que notre
SiamFC impulsionnel obtient des performances supérieures ou équivalentes a celles de
systemes de suivi visuels SNN comparables sur des jeux de données génériques. Enfin,
nous évaluons notre modele SiamFC impulsionnel sur notre jeu de données de suivi de
panaches d’aérosols. Les résultats montrent que notre systéme de suivi visuel impulsionnel
parvient a apprendre des caractéristiques de panaches, ouvrant ainsi la voie a de futurs

développements du VOT appliqué aux panaches d’aérosols.



Acknowledgements

I would first like to express my deep gratitude to my family, particularly my brother,
mother, father, and grandmother, as well as to my dog Nubia and my Cat Uranie.
Their constant support, encouragement and understanding have helped me through-
out the years of this thesis. Their patience in the difficult times and their confidence

in me have been invaluable.

I am sincerely grateful to my supervisor, Pierre Tirilly, for his guidance, insight-
ful feedback and continued support during this work and the writing of this thesis.
I would also like to thank Jérome Riedi in particular for his unwavering support,
both human and scientific, as well as for his availability, which were decisive at
many stages of this thesis. Their scientific rigour and trust have greatly shaped the
direction and quality of this work.

I would also like to give special thanks to loanna Giorgi, who took over my

thesis supervision following Dominique Chu’s departure.

Finally, I would like to thank Chaabane Djeraba for getting me the opportunity

to do this thesis.

My thanks also go to my friends and colleagues from LOA, Alexis, Elise, Paul,
Louis, Clara, Perla, and Gabriela, with whom I had numerous discussions, con-
structive comments, and a friendly atmosphere in the lab. This thesis would not
have been possible without their unconditional support. Many thanks also to my

friend Henri and Sixtyne, who have supported me since engineering school.

I would also like to thank the matcha for its contribution and help in staying



alert during this thesis, and bouldering for helping me clear my mind and relax
during the hard moments.

Finally, I wish to acknowledge all those, in and outside academia, who have con-
tributed in various ways to the completion of this thesis, whether through collabo-

rations, technical assistance, or simply by providing much-needed encouragement.



Contents

Background|

[2

Existing Aerosol Tracking Models|

[2.1 Fundamental Notions and Concepts . . . . . . .. ... . ... ...

[2.1.1  Aerosol Species and Lite Cyclel . . . . .. .. .. ... ...

[2.1.2  Aerosol Optical Depth| . . . . . . ... ... ... ... ...

2.1.3 Type of Products| . . . . .. . ... ... ... ... .....

[2.2  Existing Models for Aerosol Analysis| . . . . . ... ... ... ...

221 VOLCAT| . . ... ...

Visual Object Tracking (VOT)|

[3.1  General Concepts of VO'I| . . . . .. ... ... ... ... .....

23
23
26
28
29
31

33

35
35
35
36
37
37
37
38
39
43

45



[3.2  Challenges & Datasets in VOT| . . . . . ... ... ... ... ... A7
[3.3 Appearance Models| . . . . . . ... ... 0. 53
[3.3.1 Generative Methods . . . . . ... ... ... ... . 53
(3.3.2 Discriminative Methods| . . . .. ... ... .. ... .. .. 55
Feature-B Methodsl . . . . ... ..o 56

4 Motion Modelsl . . . . .. ..o 58
[3.5 Deep Learning-based Methods| . . . . . . ... .. ... ... .... 60
3.5.1 etl . .. 60

[3.5.2  DeepSort| . . . ... ... ... 62
........................ 62
B.5.4  Siaml'C and Siamese-based Trackers) . . .. ... ... ... 64
Transformer- Trackers . . . . ... ... L. 67

3.6 Conclusion|. . . . . . . . .. 68
[4  Spiking Neural Networks| 73
[4.1  Core Concepts of Spiking Neurons|. . . . . . . .. .. ... ... .. 73
[4.1.1  Spiking Neuron Models| . . . ... .. .. ... ... .... 74
[4.1.2  Neural Coding| . . . . .. .. ... ... ... ... .... 76

(4.2 Training Spiking Neural Networks|. . . . . . . . ... ... ... .. 78
4.2.1  ANN to SNN Conversion| . . . . . . . . . . .. .. ... .. 79
[4.2.2  Hebbian Learning|. . . . . . ... ... .. ... ... .. 80
[4.2.3  Feedback Alignment| . . . . . ... ... ... 81
[4.2.4  Backpropagation with Surrogate Gradient| . . . . . . . . .. 82
[4.2.5  Energy Consumption of SNNs|. . . . . ... ... ... ... 83

4.3 SNNs for VOTI . . . .. ..o o 85
.1 Previ NN Trackers for SOTI. . . . .. .. ... ... .. 85

[4.3.2  Spiking Siamese Networks for Trackingl . . . . . . . . .. .. 87

M4 Conclusionl. . . . . . . . .. 88



Il Contributions| 91

[> Aerosol tracking dataset| 93
[5.1  Aerosol Data Acquisition|. . . . . . . . ... ... ... ... ... 94
1.1 ECMWE CAMS EAC4 Datal . . . . .. .. ... ... ... 96

[>.1.2  Preprocessing Steps| . . . . . ... ... 98

(5.2 Annotation Processl . . . . . . . .. ..o oo 101
[5.3 Dataset Analysis| . . . . ... .. ... 102
[>.3.1  Dataset Properties| . . . . . . ... ... ... ... .. ... 103

[5.3.2  Quality Control| . . . . . . .. ... ... 103

.4 Limitations and Futur rkl Lo 109
h.0  Conclusionl. . . . . . . . .. 112
6  Spiking SiamFC| 115
(6.1 Baseline: SiamBFC ANN| . . .. ... ... . L. 117
[6.2  Proposed Spiking SiamFC| . . . . . .. ..o 119
[6.2.1  Neural Codingl . . . . ... ... ... .. ... ... .... 120

[6.2.2  Synchronised Threshold Adaptation for Siamese Networks| . 121

[6.2.3 Backbone Architecturel . . . . . .. ... 122
[6.2.4  Spike Rate Poolingl . . . . .. ... ... ... ... ... .. 122
[6.2.5 Similarity Function|. . . . . . ... ..o o000 124
[6.2.6  Training] . . . . . . . ... 125
(6.3  Experiments|. . . . . .. ... 131
[6.3.1 Datasetd . . . . . . . . ... 131
[6.3.2 FEvaluation Metricsl . . . . . . .. ... ... 132
[6.3.3  Evaluation Protocoll . . ... ... .. ... .. ... .... 133
[6.3.4 Implementation Details| . . . . . ... ... ... ... ... 134
6.3.50  Benchmark Fvaluation| . . . . . ... ... ... ... .... 135
[6.3.6 Ablation Study|{ . . . . . ... ..o 139




6.5 Conclusion|. . . . . . . . .. 144
[7 Spiking SiamFC on Atmospheric Products| 147
[7.1 ~Dataset Properties| . . . . . . . . ... ... ... ... ... ..., 149
[7.2  Preprocessing] . . . . . . . . ... 149
[7.3  Experimental Protocol| . . . . . ... .. ... ... ... 150
[7.4  Implementation Details|. . . . . .. ... ... .. ... ... .... 152
M5 Results. . . . . ..o 153
[.6  Discussion| . . . . . . . . .o 159
8 _Conclusion and Future Workl 163
(8.1 Summary of Contributions| . . . . . . . . .. ... .. ... ... .. 163

[8.1.1  Construction of a Dataset for the VO'T of Atmospheric Plumes|164

[8.1.2  Spiking SiamFC Tracker| . . . . . . ... ... .. ... ... 164
[8.1.3  Evaluation of Spiking SiamFC on Atmospheric Plumes| . . . 165

.2 Disseminationl . . . . . . . ... oo 166
B3 Future Workl . . . . . . .. ... 166
[8.3.1  Annotation of other AOD Species from CAMS EAC4| . . . . 167

[8.3.1.1  Training and Evaluation on Data from Real Instru- |

[ menfd . . ... 167
[8.3.2  Motion Model and Physics Informed Neural Networks| . . . 168

[8.3.3 MOT with Spiking SiamFC| . . . . ... ... .. ... ... 168

A ppend 171
[A Aerosol Tracking Dataset| 173
A.1 Data Format an I rel .o 173




List of Figures

P1

Basic steps of aerosol position prediction from ECMWEF| . . . . ..

P2

Computation process in a single outer loop for 4D-Var. It minimizes

the cost tfunction J through the assimilation window |1 . . . . . .

B

Schematic representation of an object tracker [2[. The tracker is

mitialised by selecting the targeted object 1n the first frame, which

denines the mitial bounding box. From this mitial bounding box,

the motion model estimates a region ot interest. From this region ot

interest, the tracker extracts teatures to reiine the position given by

the motion model with a specific appearance model (e.g., a similarity

measure on features). lThis newly given position is then used to

update the motion model, and the cycle starts over for the next frame] 47

B2

Taxonomy of VO'T methods used in this thesis. Methods are grouped

by appearance (generative or discriminative) and motion (filtering or

probabilistic) models) . . . . . . . ...

B3

MDNet architecture [3]. MDNet is composed of a feed-forward con-

volutional backbone that learns general features from large-scale vi-

sual tracking data. 1hen, domain-specific layers are trained for spe-

cific tracking tasks. T'his figure comes from Nam et al.’s paper |3

B

Workflow of SiamFC architecture [4]. This figures has been used

from the paper of Bertinettoet al. 4[] . . .. ... ... ... ...




51

[llustration of the AOD for each species of CAMS EAC4. CAMS

provides nive categories ol aerosols: dust, sea salt, organic matter,

black carbon, and sulphatel . . . . . . . . . .. ...

5.2

CAMS reanalysis maps for 1st September, 2020, showing the dust

AOD at 550nm (top), and the corresponding dust aerosol fraction

(bottom). ©'he dust fraction map highlights the relative contribution

of dust to the overall aerosol content) . . . . . . . . . . . . . . ...

53

CAMS AOD maps of dust aerosols for 1st September, 2020, showing

the dust AOD iraction map (top), and the same map after min-

max normalisation (bottom). T'he normalised map enhances local

contrasts and the sharpness of dust plume boundaries| . . . . . . .

5%}

Heatmap of the distribution of the sizes of bounding boxes annotated

on the dust AOD maps over the (Gob1l and daharan desert regions.

'I'he distribution peaks correspond to the typical spatial scales of dust

plumes observed in CAMS EAC4 dust aerosol data for these areas [9].

The annotations were realised from the 1°" of September, 2020 to

315" of December, 2022, reflecting realistic plume size variability over

multiple seasons for dust aerosols) . . . . . . . . .. ... ...

55

Heatmap of the size distribution of bounding boxes annotated on

AOD maps of sea salt. Most annotated plumes have moderate hor-

1zontal extents, consistent with the short litetime and marine origin

of sea salt aerosol maps discussed by Bian et al. |6[f . . . . . . . ..

5.6

By-species statistics of the areas of bounding boxes of groundtruth

plumes. hRhed crosses represent the mean area, and black crosses

represent the outlier bounding boxes. 'l'he statistics for dust agree

with the tables provided by Silvaetal. (9] . . . . . ... ... ...

10



57

Class distribution of the annotated tracking aerosol plume dataset.

'The number of sequences (blue bars, left axis) and frames (green

bars, right axis) are shown for dust plumes (28 months) and sea salt

plumes (5 months). Percentages indicate the relative contribution of

each class for frames and sequences) . . . . . . . . . . . . . .. ...

5.8

Intensity distribution of the by-species AOD within bounding box

annotations for dust (blue) and sea salt (orange). T'he distribution

1ollows an mverse exponential law, expected Ifrom aerosols behav-

lor [0, ]. Most of the values have low intensities and come from

the backeround. Higher intensities represent events that are less ire-

quent. l'he sea salt density curve shows a slight perturbation com-

pared to dust and gets higher intensity values. '1'his reflects more

episodic events and fewer cyclic and continuous emissions of aerosols] 108

.9

Box plot of the intensity distribution of dust and sea salt by-species

AOD. '1T'his figure shows a median ot 0.1 tor dust AOD and 0.04 tor

sea salt AOD. Red crosses represent the mean AOD value, and black

crosses represent outlhiers| . . . . . . . . ...

[5.10

Seasonal trends of the mean by-species AOD for dust plumes from

the 1st of peptember, 2020 to olst of December, 2022. '1'he graph

shows the mean (curve) and standard deviation (bars) for each month.

‘I'hese trends agree with the climate statistics provided by Kunchala

etal. [7Al). ... .

F.11

Seasonal trends of the mean by-species AOD for sea salt plumes

irom the Ist of September, 2020 to olst of January, 2021. '1'he graph

shows the mean (curve) and standard deviation (bars) by month.

These trends align with those of Aldhaif et al. |8 . . . . . . .. ..

61

Overview of our spiking SiamFC model. x is the instance image, 2

1s the examplar 1mage, and ¥ 1s the backbonel . . . . . . . . . . ..

11



6.2

Direct coding of an input image.| . . . . .. . ... ... ... ...

[6.3 Backbone v of our model. This backbone is an adaptation of AlexNet |9

used 1in SiamKFC ANN from Bertinettoet al. [4]] . . . . ... .. ..

6.4

Unfolding and chain rule computation of our model for surrogate gra-

dient backpropagation, showing the error gradients across multiple

time steps. lhe left-hand part represents the unfolded computa-

tional graph with the output gradients. 1he right-hand part shows

the computation of the similarity with i1ts gradient) . . . . . . . . .

6.5

Success plot and precision plot for OPE of spiking SiamFC

on the O1B-2015 benchmark (values in legends are AUC

scores). Values of the SiamkFC ANN have been obtained by training

our own sSlambC ANN, following the protocol provided by bertinetto

et al. [4] (except for the conversion of 257 of the training set to

grayscale). (a): Comparison of the success rate across the whole

overlap threshold range between our spiking model and the original

oiamFC trom Bertinetto et al. [4]. (b): Comparison of the precision

rate across the whole overlap threshold range between our spiking

model and the original SiamkF'C from Bertinetto et al. [4]] . . . . . .

6.6

Success plot and precision plot for OPE of spiking SiamFC

on the O'T'B-2015 benchmark. (a): Success curve of each specific

ablation setting 1n lable [0.0. Values 1n the legend represent the

AUCs. (b): Precision curve of each specific ablation setting in 'lable

6.7

Success plot for OPE of spiking SiamFC on the GOT-10k

benchmark (values in legends are AUC scores). Lach curve

represents the success rate of a specific ablation setting with respect

to the overlap threshold. '1'he orange curve shows our model without

ablation]




6.8

loU on the validation set with and without synchronized threshold

adaptation (blue curve and green curve, respectively)|. . . . . . ..

71

[lustration of the spiking SiamFC for each setting from Table [7.1]

For each setting, we display the frames at time steps o, 10, 1o and

20. Rach time step 1s equivalent to o hours. (Green rectangles are

the ground truth bounding boxes, while red rectangles represent the

predicted bounding boxes| . . . . . . . . ..o

72

loU learning curves for aerosol tracking with total AOD input. Top

panels compare the tracking of sea salt only (a) and dust only (b),

while the bottom panel presents combined the tracking of dust and

[7.3

loU learning curves for aerosol tracking with by-species AOD. Top

panels compare the tracking of sea salt only (a) and dust only (b),

while the bottom panel presents the tracking ot combined dust and

sea salt (c). 'lhe results show the improved convergence with by-

specles Ior sea salt, but not for dust. 1The combined species case

shows similar resnlts tor validation as total AOD 1. . . . . . . . ..

74

Success plot following the OPE evaluation protocol for tracking plumes

using CAMS EAC4 total AOD. Fach line represents a different aerosol

class: dust and sea salt combined (blue), dust (orange), and sea salt

(green). The success rate at 507 for each species is given in the

legend. 'I'he dust and sea salt class and the dust class show similar

tracking pertormance, while sea salt plumes are notably more dim-

cult to track, reflected by the lower success rates across thresholds.

'I'he results highlight the challenge ot accurately following diffuse and

low-contrast aerosol plumes ifrom reanalysis data.|. . . . . . . . ..

13



75

Success plot following the OPE evaluation protocol for plume track-

g using CAMS EAC4 by-species AOD. 'The blue curve shows com-

bined dust and sea salt performance, the orange one shows dust only,

and the green one shows sea salt only. The success rate at 50% 1n-

dicates that tracking 1s most successiul for combined plumes, with

lower pertormance for individual dust and especially sea salt plumes.

‘1'his highlights the increased dificulty of localising and following dii-

mise or low-contrast events. | . . . . . . . . . . ..o ...

76

Cross-correlation of the mean AOD over ground truth regions by the

loU through time. Figures (a) and (b) show this cross-correlation for

the K1 and E4 settings, respectively (see Table[7.1]). (c) and (d) show

the ones for settings E2 and ko, respectively. (e) and (f) show the

cross-correlation ifrom settings Fo and EO, respectively. Fach cross-

correlation has been computed over at least 2o samples to ensure

statistical robustness. | . . . . . .. L L L 0L

14



List of Tables

B

Overview of commonly used VOT benchmarks.| . . . . . ... ...

B2

Description of commonly used VOT benchmarks.| . . . . . ... ..

[3.3

Representative VO'I' trackers reviewed in this thesis, from classical

correlation filters to Siamese CNNS and transtormer-based architec-

tures)

A1

Energy consumption estimations of SNNs and ANNs counterparts

on CIFARI10, G5C, and N-CARS from Lemaire et al. |[10[] . . . . .

61

Details of the backbone ). Convolution layers are two-dimensional

spiking convolutional layers equiped with our synchronized threshold

adaptation (see pection [0.2.2] Page|[121]), and pooling layers use our

spike rate pooling layer (see Section|6.2.4] Page|l122)). ¥ same in both

dimensions. ** threshold 1s Opase for convolutional layers and 0, for

pooling lavers). . . . . . . . . ..

6.2

Success rates at 50% of SiamSNN and spiking SiamFC on OTB-2015

and (GO 1-T0k]

6.3

71

Experimental settings for the tracking of dust and sea salt aerosols.

Hach setting corresponds to the type ol aerosols we want to track

and the product on which we track them). . . . . . . . . . . . . ..

15



16



List of Acronyms

4D-Var Four-Dimensional Variational.

Adam Adaptive Moment Estimation. [134]
ANN Artificial Neural Network.
AOD Aerosol Optical Depth.

AUC Area Under the Curve.

BCE Binary Cross-Entropy.

BPTT Backpropagation Through Time.

CAMS Copernicus Atmosphere Monitoring Service.
CNN Convolutional Neural Network.
CPU Central Processing Unit.

CSNN Convolutional Spiking Neural Network.

DeepSORT Deep Simple Online and Realtime Tracking.

DVS Dynamic Vision Sensors.

EAC4 Atmospheric Composition Reanalysis 4.

ECMWF European Centre for Medium-Range Weather Forecasts.

17



EPSP Excitatory Postsynaptic Potential.

Faster R-CNN Faster Region-based Convolutional Neural Network.

GOES Geostationary Operational Environmental Satellites.
GOT-10k Generic Object Tracking.
GPU Graphics Processing Unit.

GSC Google Speech Commands V2.

HH Hodgkin-Huxley. [74]

HOG Histogram of Oriented Gradients.

TASI Infrared Atmospheric Sounding Interferometer.
ICARE Interaction Clouds Aerosols Radiations. B8]

IF Integrate-and-Fire. [74]

IFS Integrated Forecasting System.

IFS-AER Integrated Forecasting System AERosol scheme.
IoU Intersection-over-Union.

IPSP Inhibitory Postsynaptic Potential.

KCF Kernelised Correlation Filter. 241

LaSOT Large-scale Single Object Tracking.
LIDAR LIght Detection and RAnging.

LIF Leaky Integrate-and-Fire. [74]

18



LOA Laboratoire d’Optique Atmosphérique.

LSTM Long Short-Term Memory.

MACC Monitoring Atmospheric Composition and Climate.
MDNet Multi-Domain Network.

MODIS MODerate resolution Imaging Spectroradiometer. (110
MOSSE Minimum Output Sum of Squared Error.

MOT Multiple Object Tracking.

MSG Meteosat Second Generation. 39

MV Track Multi-View object Tracking. [49]
N-CARS Neuromorphic CARS.

OMI Ozone Monitoring Instrument.
OMPS Ozone Mapping and Profiler Suite.
OPE One-Pass Evaluation.

OTB Object Tracking Benchmark.

PINN Physics-Informed Neural Network.

PM Particle Matter.

ReLU Rectified Linear Unit. 83
ResNet Residual Neural Network. [79l
RGB Red-Green-Blue. B0

RINN Recurrent Neural Networks. [62]

19



ROLO Recurrent you Only Look Once.

SBT Single Branch Tracking.

SConv Convolutional Spiking layer. [120

SCTN Spiking Convolutional Tracking Network.
SiamFC Fully-Convolutional Siamese Network.
SiamMT Siamese Multi-Task. [65]

SiamRPN Siamese Region Proposal Network.
SNNs Spiking Neural Networks.

SORT Simple Online and Realtime Tracking.
SOT Single Object Tracking.

SRM Spike Response Model.

STDP Spike Timing-Dependent Plasticity.
SUOMI-NPP Suomi National Polar-orbiting Partnership.

SVM Support Vector Machines.

TET Temporal Efficient Training. (116
TROPOMI TROPOspheric Monitoring Instrument.

TWSC Temporally Weighted Spike Count.
UV Ultra-Violet. [36]

VGG Visual Geometry Group.

VOLCAT Volcanic Cloud Analysis Toolkit.

20



VOT Visual Object Tracking.

YOLO You Only Look Once.

21



22



Chapter 1

Introduction

1.1 Problem

Global anthropogenic aerosol emission increased dramatically during the indus-
trial period. They reached their highest levels in the late 20th century, then declined
or stabilised in most regions over the past two decades. However, these emissions
are still increasing in some industrialising regions [11]. These aerosols and gas
plumes (i.e., a visible area that contains gas or solid particles) could have a sig-
nificant impact on the health and well-being of populations, regardless of whether

they are natural or anthropogenic in origin. Even more concerning are the anthro-

pogenic aerosol emissions (such as small particles like [Particle Matter (PM)| below

2.5pum). These aerosols, responsible for millions of deaths per year worldwide [12],
are mainly linked to fossil energy exploitation and other human activities. Efficient
and robust automatic plume tracking could enable better, faster air quality predic-
tion and support environmental disaster response (e.g., volcanic ash, forest fire or
pollution peaks).

Furthermore, these aerosols also play a crucial role in climate change by being

part of most atmospheric phenomena. Therefore, automating tracking in atmo-

L Anthropogenic emissions are those made by humans.
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spheric science could help researchers better understand cloud formation, patterns,
and spatial distributions of rainfall, and atmospheric chemistry in general, by pro-
viding comprehensive spatial and temporal data on plumes for specific events. Cou-
pled with a plume detector, such trackers could help follow even small events (e.g,
local pollutant emissions). Extensive research exists for detecting these plumes [13].
However, existing tracking methods (with automatic re-identification of plumes) re-
main, to the best of our knowledge, very limited in the literature. These methods
are either manual, with an operator identifying and re-identifying the plumes in
VolcPlume [14], or based on a thresholding method [15]. In the former case, each
plume must be tracked manually; in the latter, pixels are first filtered using thresh-
olding, then a machine learning model classifies them as being a plume or not.
These methods are effective, but lack automation in the former case, or the target
plume could be integrated with adjacent plumes to form a single large plume in the

latter.

In recent years, [Visual Object Tracking (VOT)|[16] (defined as the localisation

and re-localisation of the same object across a sequence of frames) and, especially,
tracking by detection [17] have made significant progress. This type of tracker has

known many improvements, passing from popular correlation-filter-based methods,

such as the Minimum Output Sum of Squared Error (MOSSE)| [17] or

Correlation Filter (KCF [18] methods, to Siamese-based methods such as the [Fully-

Convolutional Siamese Network (StamFC] [4].

Compared to tracking generic objects, tracking plumes poses unique challenges,
as the plumes have no definite shapes, and require the tracker to verify an initial
hypothesis suggested by Francis et al. [19]: this hypothesis states that a signifi-
cantly unique optical signature can be extracted from plume textures. However, no
VOT methods have been applied to such atmospheric data, and this hypothesis has
not been validated for VOT in the literature. Therefore, tracking plumes requires

models that can verify the hypothesis of Francis et al., while remaining sufficiently
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energy-efficient to be embedded in instruments.

In recent years, VOT models based on deep learning have demonstrated su-
perior performance compared to traditional approaches. However, the choice of

a deep learning-based approach is generally a trade-off between tracking accuracy

and inference speed. Among these models, SiamFC is an efficient |Artificial Neurall

Network (ANN) model that learns a universal correlation function between the tar-

geted object and the scene, thanks to a network composed of two branches sharing
their weights. SiamFC and its variants became popular for their offline training
(no further training is required for objects with similar distributions) and their
near-real-time performance. At the time when we started this work, these were the
state-of-the-art models for VOT. Thus, trackers of the Siamese type are used as a

basis for our work.

However, SiamFC and ANNs in general consume a massive amount of energy
both for training and inference [20]. In particular, computer vision models are often
highly resource-intensive. As a consequence, they consume a tremendous amount
of energy, which not only contributes to climate change, as shown in [20], but also

prevents them from being embedded in instruments, such as those on satellites, due

to rapid battery depletion and the limits on battery capacity. [Spiking Neural Net-|

works (SNNsJ, considered the third generation of neural networks [21], are promising
candidates to replace ANN in deep learning trackers, thanks to their spike-based
information processing [22]. This information processing could allow SNNs to con-
sume much less energy than ANNs when dedicated hardware is used [23]. Re-
cently, researchers have developed such neuromorphic hardware designed for spike-
based computations from SNNs (such as Intel’s Loihi [24] or IBM’s TrueNorth [25]).

This hardware has demonstrated significant gains in energy efficiency compared to

the conventional (Graphics Processing Units (GPUs)| and [Central Processing Units|

used for computer vision models [26]. SNNs run on these neuromorphic

platforms can consume orders-of-magnitude less energy, due to their sparse signal
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processing and hardware-level architectural optimisations [27], 28]. The evaluation
of performances also shows that SNNs running on these hardware platforms not only
reduce energy consumption, but can also achieve real-time inference with minimal
latency. These results are promising; however, to the best of our knowledge, very
little work [29] 30] has been conducted on VOT with SNN architectures: the authors
of existing spiking Siamese models either use an ANN-to-SNN conversion [29], or do
not provide enough experimental details to reproduce their work [30]. Implementing
such trackers with directly-trained SNNs still poses many challenges, such as the
propagation of error through the network due to the discrete nature of SNNs and
weight sharing within the Siamese network, which hampers the backpropagation of
the gradient.

In this manuscript, we aim to evaluate whether a low-energy model of VOT is

able to track atmospheric plumes with enough accuracy and efficiency.

1.2 Motivation

With many available ground-based instruments and instruments onboard satellites,
atmospheric science provides a huge and growing amount of multispectral and mul-
tidimensional data at multiple resolutions. As previously stated, analysing this
data is necessary for studying the atmosphere and the climate, which impact ev-
eryone’s health and well-being, especially in the context of climate change driven
by anthropogenic emissions. Given this amount of data, analysing plumes at mul-
tiple resolutions across different spectral bands is time-consuming for researchers.
Consequently, most of the effort is devoted to tracking only a few significant events.

The manual annotation of atmospheric data prior to analysis slows down the
study of these events. This process can overshadow the contributions of small
events to atmospheric phenomena and their impact on health. A study by Manavi

et al. [3I] shows a significant underestimation of these small plumes, which can
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lead to failures to detect pollution peaks at the local scale. This misdiagnosis can
shift the responsibility for poor air quality away from local industry. Furthermore,
the understanding of interactions between small and larger events is poorly under-
stood. Thus, the automated tracking of these events is essential to advance our

understanding of these phenomena.

Existing methods for aerosol plume tracking are either manual annotations [14]
or detection [15] (which are not VOT methods) or tracking that operate at the
air parcel level [32] (i.e., they simulate the motion of a sub-volume of air at a
specific altitude) to produce individual trajectories. However, for this last method,
an air parcel does not contain enough information to represent or track an entire
plume. Accurately tracking a plume would require generating trajectories for all its
constituent air parcels. Even then, these models fail to capture the changes in size of
aerosol plumes, which occur continuously over time. So, plumes must be processed
as a whole to be tracked successfully. Since the last decade, deep learning trackers
have emerged as the best methods for VOT [33]. They could offer a solution to the
tracking of aerosol plumes. However, ANN trackers are not energy-efficient enough

to be embedded on satellites [34] 135].

One way to mitigate these problems would be to create a low-energy tracker.
This solution would enable researchers to automatically move instruments to focus
on specific events, and facilitate the process of obtaining data for these specific
events (e.g., forest fires). One promising solution is to adapt existing ANN trackers
with SNNs and embed this module directly on instruments. However, little work
on SNN trackers is available. The authors of [29] convert a pre-trained SiamFC
ANN [] to an SNN; however, ANN-to-SNN conversion sacrifices a part of the
energy savings expected from SNNs. Xiang et al [30] present interesting results on
a directly-trained SNN tracker, spiking SiamFC++, but do not provide an analysis
of their more complex model, nor sufficient details for reproducibility. In addition,

they do not follow the same experimental protocol as the community [4, [36] 37].
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In this thesis, we chose to focus on SiamFC from Bertinetto et al. [4] because
of its maturity and because subsequent improvements to it and transformer-based
trackers still rely on Siamese architectures. Consequently, SiamFC provides an ideal

baseline for building SNN Siamese trackers from scratch.

1.3 Research Questions

To achieve the elaboration of this low-energy plume tracker, we face two research
questions, which are at the core of this thesis. The first question addressed in this
thesis is how a Siamese tracker based on a directly trained SNN can be developed.
The second question is how effectively this SNN Siamese tracker would perform on
aerosol plume tracking. In addition, to the best of our knowledge, no VOT dataset
of aerosol plumes exists, which brings a third research question: how to design a
VOT dataset for aerosol plume tracking. Thus, the following challenges have to be

considered.

o The quantity of sequences to annotate: creating a VOT dataset requires to
annotate a large quantity of atmospheric data featuring different types of
aerosol plumes. Given the hundreds of sequences of dozens of frames needed

to train trackers, the annotation process represents a tremendous effort.

o Input representation: standard trackers process images as continuous pixel
intensity values. In SNNs, information is represented as spike trains. It raises
the problem of representing input data as spikes. Moreover, atmospheric data
is not made of regular colour pixels, as in generic object tracking datasets, but
rather physical values defined over unbounded ranges [38], making their con-
version to spikes more complex. Therefore, multiple spike encoding strategies

will have to be explored during the design of the tracker.

o The adaptation of the SiamFC architecture: SiamFC is an effective, two-
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branch tracking model that learns a universal correlation function. In its
spiking counterpart, this function will require perfect synchronisation between
the binary signals from its two branches. Such synchronisation is not guaran-
teed in SNNs. The correlation function must therefore be redefined for spike
trains. Training the tracker adds another challenge, since SiamFC learns from
pairs of frames randomly sampled from the training sequences; this training
procedure is already unstable in standard ANNs. This issue is likely to worsen
when using SNNs, which often cause unstable loss dynamics in the early stages

of training [39)].

Tracking of deformable objects: atmospheric plumes (aerosols or gases) are
shapeless objects prone to deformation, making it difficult for the model to
rely on classical features. Instead, the model has to extract visual features

from the texture of the input data to learn an optical signature of the plume.

The physical nature of plumes: atmospheric plumes can undergo heavy changes
over time, making them more challenging to re-identify due to their altered
appearance. In addition, depending on the type of particles to be tracked,
plumes will exhibit different types of behaviour, that the tracker must accom-

modate.

1.4 Contributions

This thesis proposes contributions in order to address the above challenges. These

contributions advance both the theoretical understanding of spiking Siamese track-

ers and their practical implementation for atmospheric plume tracking.

o The annotation of the first dataset to track aerosols from the |[Copernicus At-|

mosphere Monitoring Service (CAMS] [38]. We introduce a new dataset for

VOT based on the reanalysis dataset from the [Furopean Centre for Medium-|
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Range Weather Forecasts (ECMWE [38]. We prepared the data and an-

notated it for dust and sea salt aerosols, covering an easy use case for the
former, and one of the most difficult ones for the latter. This strategy is used

to evaluate trackers on representative instances of the physical problem.

Design of a new spiking Siamese tracker. We develop a spiking version of the
SiamFC model of Bertinetto et al. [4]. This model is trained end-to-end with
backpropagation equipped with a surrogate gradient function [40]. We also
propose a full derivation of the error for backpropagation in spiking Siamese

networks.

Comparison of spiking encoding methods on generic object datasets. Since
spike coding strongly influences SNN performance, we compare various spike

encoding strategies. Our results show that direct coding provides the best per-

formance for grayscale and [Red-Green-Blue (RGB)| data, confirming findings

from detection models with SNN architectures [41].

Temporally-weighted spike correlation. Siamese SNN trackers (trained as
ANNSs, then converted into SNNs) accumulate the spikes in the branch of
the searched object, consuming more computational power. We show that
we can achieve the same level of accuracy by accumulating spikes along the
branch where we search for this object. Doing so reduces the number of spikes

used by the tracker.

Adaptive threshold synchronisation: the spiking neurons used in this thesis
rely on a threshold. This value decides whether a neuron will emit a spike;
adaptating this value during training and inference has been shown to yield
better performance [40]. However, this adaptation of the threshold in Siamese
network has not been extensively studied in the literature. We propose, in our

spiking SiamFC model, an evolution of threshold adaptation to synchronise
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thresholds across branches after each time step. We show that this method

stabilises training.

« Validation of our spiking SiamFC. We conduct an ablation study on [Ob-]

fect Tracking Benchmark (OTB] [42] and |Generic Object Tracking (GOT-

[43], and compare its performance to SiamFC ANN [4] and SiamSNN [29].

o Evaluation on CAMS data. We show the limitations of the proposed spiking
tracker across the dataset developed in Chapter [5 for atmospheric plume
tracking, and identify directions for future improvements. Finally, we confirm
our initial assumption that the model extracts an optical signature for each

plume.

1.5 QOutline

This document is structured into two main parts: a background section reviewing
the state of the art relevant to the topics addressed, and a second section presenting
our contributions. Overall, the manuscript comprises eight chapters, designed to
guide the reader from the general context of the thesis to the specific contributions

and experimental findings.

o In Chapter 2, we provide some theoretical and technical foundations necessary
for understanding physical concepts and introduce the problem of tracking
aerosols, emphasising existing approaches and their limitations in the context

of current atmospheric science;

o In Chapter 3, we review existing VOT methods, detailing how computer vision
methods have been developed and evaluated to follow dynamic targets across
sequences. In this part, we review classical methods such as generative, dis-
criminative, and probabilistic trackers before presenting more advanced deep

learning-based approaches based on those methods. We focus particularly on
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Siamese architectures, leading to Siamese trackers, explaining the core con-

cept of each one, with their advantages and limits;

Chapter 4 is an introduction to SNNs covering neuron models, spike coding

methods, training algorithms, and existing spiking trackers;

In Chapter 5, we describe the design of a dataset of annotated aerosol plumes.
We provide an annotation protocol, the preprocessing steps on the CAMS
reanalyses dataset used to facilitate annotation, and the final annotations
of aerosol plumes. Finally, we propose a statistical study and validate the

dataset to show its relevance to atmospheric science.

In Chapter 6, we present our SNN model, spiking SiamFC, including its
direct coding, synchronised threshold adaptation, and temporally-weighted
spike count similarity measure, as well as its validation on the OTB-2015 and

GOT-10k datasets.

In Chapter 7, we evaluate the spiking Siamese-based model designed in Chap-
ter 6 on the atmospheric plume tracking dataset of Chapter 5, and analyse

the results.

In Chapter 8, we summarise our main findings, discuss the limitations of our
contributions, and propose directions for future research. These directions
aim at enhancing the efficiency, robustness, and applicability of our spiking

SiamFC on atmospheric data.
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Chapter 2

Existing Aerosol Tracking Models

Atmospheric aerosols play a key role in air quality, climate, and health. As dis-
cussed in Section (Page [23), providing automation of tracking of such atmo-
spheric plumes can improve early warning for exposed populations and support
atmospheric scientists in analysing specific small events. However, existing ap-
proaches to aerosol and gas plume tracking remain limited. In this chapter, we first
introduce several fundamental notions and concepts related to aerosols. We then
review representative existing systems for aerosol plume monitoring. This review

will include dedicated platforms and forecasting and reanalysis models.

2.1 Fundamental Notions and Concepts

2.1.1 Aerosol Species and Life Cycle

Aerosols are small solid or liquid particles suspended in the atmosphere [44]. They
originate from both natural sources (e.g., dust, sea salt, volcanic ash emissions)
and anthropogenic activities (e.g., combustion, industrial pollution). Aerosols are
usually categorised into species such as dust, sea salt, sulphate, organic matter, and
black carbon. Each of these species has distinct sources, composition, and optical

properties. In this thesis, these particles are not considered individually but as
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aerosol plumes, defined as coherent atmospheric structures of concentrated aerosol
particles.

The life cycle of an aerosol in the atmosphere starts with its emission, due to
events like forest fires or dust storms in the Sahara. Then, aerosols are transported
across the atmosphere by a complex motion system of air masses [44]. During
transport, aerosols undergo chemical and microphysical transformation (e.g., co-
agulation, condensation) [44]. During this phase, aerosol plumes rarely follow a
simple, coherent trajectory. Instead, they can split into multiple sub-plumes, or
merge with other nearby plumes, under the effect of movements of air masses [44].
They are finally removed from the atmosphere by dry deposition (i.e., due to the
action of gravity), and wet deposition (i.e., due to precipitations) [44]. These pro-
cesses shape the spatial and temporal evolution of aerosol plumes, which is central

to their detection and tracking.

2.1.2 Aerosol Optical Depth

|Aerosol Optical Depth (AOD)|is a dimensionless quantity that describes how strongly

aerosols reduce the intensity of sunlight (a phenomenon called extinction) over a
vertical column of the atmosphere from the surface to its top.
AOD depends on the wavelength at which it is measured, since the scattering

and absorption of light by aerosols are sensitive to particle size and composition. In

general, shorter wavelengths, such as|Ultra-Violet (UV)| are more strongly affected

by small particles, while longer wavelengths, such as infrared, are more influenced
by coarse aerosol particles.

The total AOD integrates all aerosol species present in the air column, whereas
the by-species AOD considers only the contribution from a given species within the
air column (e.g., dust AOD or sulphate AOD) [45]. Contrary to total AOD, which
can be obtained by measurement, by-species AOD needs to be inferred from other

data. AOD can reflect transient aerosol events or more persistent events through
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time. Background AOD denotes the baseline AOD of aerosols normally present in

the atmosphere.

2.1.3 Type of Products

Atmospheric reanalysis products are datasets that describe how physical variables,
such as AOD, evolved in the past. They are produced by computational models that
are regularly adjusted using measurements from different types of sensors. These
models also help fill in missing data. In contrast, forecast products use similar

models to predict how these variables will evolve in the near future.

2.2 Existing Models for Aerosol Analysis

As discussed in Section (Page , the automated tracking of atmospheric plumes
can bring health benefits for populations, and help researchers in atmospheric sci-
ence further understand small atmospheric events. However, existing methods are
limited and rely on a a threshold-based method together with a classifier predicting
whether a pixel belongs to a plume or not, or manual methods. In this chapter, we

introduce the methods related to VOT existing in the atmospheric literature.

2.2.1 VOLCAT

Monitoring volcanic aerosols is critical in atmospheric science to quantify their ef-
fects on climate and to predict air quality. For instance, volcanic eruptions release
large amounts of sulfur dioxide (SO2) gas and ash particles into the atmosphere.
Thus, among many physical values, researchers are particularly interested in track-

ing SO, and ash clouds. One of the most advanced systems developed to that end is

the [Volcanic Cloud Analysis Toolkit (VOLCAT)|[15]. VOLCAT is a model from the

National Oceanic and Atmospheric Administration that aims to alert and monitor

plumes. VOLCAT is one of the significant existing satellite-based aerosol trackers,
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and provides a near-real-time detection and monitoring of volcanic ash and aerosol
clouds. It uses data from geostationary and polar-orbiting satellites.

VOLCAT uses multispectral satellite imaging to detect volcanic ash clouds by
analysing their distinct spectral profiles. The toolkit utilises brightness temper-
atures from geostationary satellites around the world and low-orbiting satellites
to separate volcanic aerosols from other atmospheric components. Once detected,
researchers use VOLCAT retrieval models to estimate aerosol properties, such as
AOD and particle radius.

A novelty of VOLCAT is its ability to track aerosols automatically. However,
its tracking ability is, in fact, based only on the detection of plumes with maximum
intensity in each specific region specified by the operator [I5]. VOLCAT achieves
this by processing multi-spectral satellite observations (particularly in the infrared
band) to identify pixels where signals, such as brightness temperature or SOy con-
centration, exceed certain thresholds. These threshold-exceeding pixels are grouped
into connected regions that each represent one plume. The model then evaluates the
spatiotemporal evolution of these plumes by tracking the location of the maximum
intensity within the area defined by the operator. This location is provided using
a threshold to define pixels of interest, which are then classified as pixels belonging
to the target plume. Since VOLCAT uses threshold-based methods to estimate the
location of these plumes, the model quickly tracks the dominant plume but can
sometimes merge multiple nearby plumes into a single entity, or switch tracking to
a new, more intense plume if one appears, depending on which feature exhibits the

strongest measured value at each time step.

2.2.2 VolcPlume

Like VOLCAT, the VolcPlume platform [14] is a toolkit made for detecting vol-

canic aerosol plumes in the atmosphere. VolcPlume is maintained by the

foire d’'Optique Atmosphérique (LOAY and the AERIS /Interaction Clouds Aerosols|

A0




Radiations (ICARE) Data Center at University of Lille. VolcPlume delivers both

near-real-time and back monitoring of the physical and chemical properties of vol-
canic aerosol plumes locally at multiple pressure levels.

A novelty of VolcPlume is the simultaneous analysis of satellite and ground-
based data for both SO, gas and aerosols (such as ash and sulfate particles).

The platform gathers data from the following satellites (with their embedded in-

struments): Sentinel-5P /TROPOspheric Monitoring Instrument (TROPOMI)| [46],

MetOp/|Infrared Atmospheric Sounding Interferometer (IASI)| [47], [Suomi National|

Polar-orbiting Partnership (SUOMI-NPP}/|Ozone Mapping and Profiler Suite (OMPS)[[48],

Aura/|Ozone Monitoring Instrument (OMI)| [49], and geostationary imagers

Etationary Operational Environmental Satellites (GOES] [50], [Meteosat Second|

Generation (MSG] [51], and HIMAWARI [52]). VolcPlume ground-based data

comes from AERONET photometers, [LIght Detection and RAnging (LIDAR )| net-

works, and air quality measurement devices. VolcPlume aggregates sensor data
from these satellites and ground-based data into a single sequence of maps. To
track SOy plumes, an operator typically starts by selecting a volcano and a time
range. The platform then loads the SO, maps, which are collocated with the phys-
ical parameters provided by the sensors. Geostationary data helps to separate the
volcanic plumes from meteorological phenomena, but the annotation process re-
mains entirely manual: by iteratively marking the position of a target plume of

SO, from frame to frame, the user defines the plume trajectory.

2.2.3 ECMWF - CAMS

ECMWF has implemented the [[ntegrated Forecasting System (IFS)| [53], which

includes an aerosol module called |Integrated Forecasting System AERosol scheme|

[54], through CAMS [45]. This module provides forecasts of different
aerosol species (e.g., dust, sea salt, black carbon) by simulating their emissions,

transport, and transformations. Figure shows the pipeline of ECMWF for data
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acquisition and processing. The first step in this pipeline is data acquisition using
passive instruments onboard satellites. These radiance measurements are then fed
into a radiative transfer model to obtain physical parameters, which the IFS model
(shown in the red dashed box in Figure then uses to track the evolution of the
physical parameters of the plumes over time. The IFS model relies on two major

components: an assimilation model and a forecast model.

Satellites Radiative

Acquisition

Radiance

Transfer Model

_____________________________________

Physical
parameters

(AOD, Temperature, Pressure, etc.)

Forcast Model Position

Figure 2.1: Basic steps of aerosol position prediction from ECMWF.

First, IFS relies on a data assimilation model that gathers these observations

within a[Four-Dimensional Variational (4D-Var)| [1] framework to compute the most

precise initial conditions, thereby avoiding noise and filling gaps in the acquired
data. Figure shows the assimilation process inside 4D-Var. This method con-
sists in refining parameters (e.g., density, size distribution parameters, hygroscopic
growth, or refractive index) in the four dimensions (longitude, latitude, altitude,
and time) by adjusting the background guess @, with the available observations
y, (acquired or derived from multiple sensors coming from satellites and ground
devices) and prediction ;, through a time window.

The 4D-Var model takes as input an initial vector of parameters a;, called the
background guess, which generally comes from the previous forecasting iteration.
At each iteration, this model compares the predicted state @x; from the forecast
model to the observations y, through an observation operator H, by computing the

gradient of the cost function J via the adjoint. This gradient provides a search
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Figure 2.2: Computation process in a single outer loop for 4D-Var. It minimizes
the cost function J through the assimilation window [1].

direction in the minimisation space. It is used to compute a refined state a,. This
step is repeated, taking x, as the new background guess, until convergence. In that
sense, 4D-Var is a gradient-based method (the adjoint provides V.J), but the actual
minimisation is done with the conjugate-gradient [55] rather than simple gradient

descent. The cost J function of this model is defined by Equation |2.1}

n

Taa) = 5 S () — "R M)~y + (e — @) B o — ) (2)
i=0

where 7 indexes the observation times t; within the assimilation window, x, is

the parameter vector refined from «;, and to be used as input for the forecasting

model, x; denotes the forecast of the IFS forecasting model at time t;. H is the

observation operator that maps the model space to the observation space, y, is

the vector of observations at time t;, B is the background-error covariance matrix

associated with the background state a;, and R, is the observation-error covariance
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matrix for y,. Matrices B and R; are obtained through statistics of past forecast

errors for B, and from documented instrument uncertainties for R;.

Then, IFS uses a forecast model using x,, the output of 4D-Var, as input to
predict these values at the next time step. These initial conditions are represented as
a vector of physical properties within a three-dimensional Eulerian grid (i.e., a grid
composed of three-dimensional cells defined along latitude, longitude, and altitude,
where each cell stores the state of the physical properties). In this grid, air and
aerosol motion are computed as fluxes within a bounded, stationary cell rather than
following individual air parcels. This method enables forecasts of aerosol species
presence and concentration worldwide with high spatial coherence and numerical

stability. This forecasting model is defined by Equation [2.2}

Ty, = Myt (zctk), with @, = x, (2.2)

where, x4, is the model state vector at time %, is the model state at the

Ltge i1
next time level tx11, My, ., is the non-linear forecast model operator from the
IF'S forecast model that advances the state from time t; to t541. @4, is the state at

the initial forecast time ty, x, is the first guess provided by 4D-Var (the optimized

initial conditions).

For instance, to predict dust AOD fields, ECMWF first builds a background
state x;, at the beginning of the assimilation window, from a previous IFS fore-
cast. Satellite and ground-based AOD measurements are then assimilated over this
window using the 4D-Var model, which then produce the state z,, which contains
3-dimensional physical parameters (e.g., dust mass, mixing ratios, and other aerosol
variables). Finally, this state x, is used as the initial condition in the IF'S forecast

model.
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2.3 Discussion

In this chapter, we have described models related to the tracking of atmospheric
plumes. These methods illustrate various use cases that will be treated later with
tracking methods in this thesis. These methods range from volcanic gas plume
monitoring to aerosol forecasting. We first presented VOLCAT and VolcPlume
platforms. These two platforms aggregate data from multiple sensors to characterise
plumes manually. We also presented the IFS model from the ECMWFEF CAMS
service. This model is used to predict physical parameters directly with a data
assimilation model.

Despite the efficiency of these models, none of them provides automated object
tracking of individual aerosol plumes in the sense used in computer vision, where
coherent plume objects are followed over time with well-defined trajectories and
identity preservation.

VOLCAT detects volcanic plumes with a thresholding method and a machine
learning classifier to classify pixels as a volcanic plume or not. This method does
not maintain the identity of a full plume over time and may mix up nearby plumes
with the target plume. This problem hampers the localization of the target plume
and increases the risk of losing it. VolcPlume, on the other hand, integrates multiple
instruments for analysing volcanic plumes. However, the platform does not integrate
any automated tracking methods. The user needs to manually mark the position
of the volcanic plumes at each frame. Finally, IFS provides a precise evolution
of physical parameters over time through the combination of 4D-Var and forecast
models, but plumes are treated as fields of physical parameters rather than as object
entities. Therefore, IFS cannot maintain the identity of a specific plume in the VOT
sense.

This gap motivates the approach developed in the rest of this thesis, to bring

modern VOT concepts to aerosol and gas plume tracking. Our work will be to
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develop a tracker that maintains the identity of a given plume as a plain object

across frames rather than following the evolution of a field of values.
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Chapter 3

Visual Object Tracking (VOT)

3.1 General Concepts of VOT

VOT is a long-studied field of computer vision that focuses on finding the position of
a target object inside a series of frames. Smeulders et al. [16] defined object tracking
as “the analysis of video sequences for the purpose of establishing the location of
the target over a sequence of frames (time)”. More formally, let I; denote the frame
(image) at time ¢t and b; the bounding box of the target. Given an initial box
bo in Iy, an object tracker estimates a sequence {b;}7_, such that each b; encloses
the same object across the sequence until the frame Ir. VOT keeps the identity
and the trajectory of objects across time. While tracking and detection share some
aspects, object detection identifies a specific class of objects in an image without re-
identifying them afterward. On the other hand, tracking needs an initial, manually

defined bounding box of the object and re-locates it on every frame of the sequence.

VOT has evolved quickly over the last two decades. It passed from handcrafted
trackers [56, 57, 58, [59], which fail in complex object sequences involving appearance
changes of the target object, to more robust, deep learning-based methods [60],
which extract features to create a latent representation of the target object. VOT

task has been classified by researchers into two categories. The first one is
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Object Tracking (SOTY), which is defined as the process of following a specific target

object through a sequence of images. This type of tracker follows exclusively the

object specified by the bounding box and cannot track new objects entering the

frames over time. On the other hand, [Multiple Object Tracking (MOT)|can process

several targets at the same time, which requires assigning a unique identifier to each

target object, making this task more complex.

As introduced before, tracking is viewed as an iterative process that estimates
the position of a target object over time in a sequence of frames. Figure [3.1| shows
the general workflow of VOT. This process starts from an initial object area in
frame I;. The motion model first predicts where the target is most likely to be in
the next frame, defining a region of interest in frame ;. Within this region, the
appearance model evaluates candidate locations using a representation of the visual
appearance of the target, then selects the one that best matches this representation
as the new object location. The tracker then updates its internal representation
of the target, so that gradual changes in appearance, scale, or illumination can be
taken into account. This algorithm is repeated with the same prediction, matching,
and update cycle from t+1 to t+2, and so on. Depending on the tracking paradigm
used, the tracker can be based on an appearance model only, solely on a motion

model, or on both.

As the field of tracking evolved, many trackers have been derived from this
general framework. The first approaches focused on detection-free methods [16, 57],
but could not handle common challenges such as changes in appearance (e.g., motion
blur). Then, feature-based [16} [61] and estimation-based methods [16, [62] has been
developed. These methods focus on particular features (like corners and edges) to
track the target object with better inference time and robustness. Then, correlation
filter-based trackers [17) (18] have been proposed: they learn a discriminative filter
from the appearance of the object in the first frame and, for each new frame, apply

this filter over a search region around the previous position to obtain a response
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map whose maximum gives the new target location. Afterward, researchers have
done extensive research on tracking-by-detection [16], 63], which does not use any
kind of motion model. In this paradigm, the dynamics of the object do not need
to be specified explicitly, which makes the tracker more generic and applicable to
a wider range of motion patterns. From this principle have been derived multiple
deep-learning-based models, capable of learning more effective appearance models

(see Section [3.5 for further information on these models).

) ! P Tracking Algorithm .
Video | Object | Appearance | | (similarity measure Object
sequence area 1 Model ! and optimization) location
Motion Update
Model Model

Figure 3.1: Schematic representation of an object tracker [2]. The tracker is
initialised by selecting the targeted object in the first frame, which defines the
initial bounding box. From this initial bounding box, the motion model estimates
a region of interest. From this region of interest, the tracker extracts features to
refine the position given by the motion model with a specific appearance model
(e.g., a similarity measure on features). This newly given position is then used to
update the motion model, and the cycle starts over for the next frame.

3.2 Challenges & Datasets in VOT

A tracker has to explore scenes to localize objects; however, the nature of these
scenes highly varies in terms of composition. The appearance of the target can
change due to illumination variations, deformations, scale shifts, or partial occlu-
sions. Moreover, some noise due to the acquisition device or acquisition conditions
can appear, such as motion blur (i.e., when the object makes an important displace-
ment between frame I; and I;,;, depending on the matching between the velocity
of the target and the temporal resolution of the device). Furthermore, the frame
may contain background clutter, where objects similar to the target can mislead

trackers. Finally, the length of sequences can be challenging for trackers. In long-
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term tracking, the target is more likely to get fully occluded over a subsequence of
frames. In this configuration, the tracker has to be able to detect such disappear-
ances and successfully re-detect them when they reappear. In contrast, short-term
tracking assumes that the target remains mostly visible (even though there can be
partial or brief disappearances). In this setting, once the target object is lost, the
sequence is considered failed, and no re-detection is usually performed.

Lastly, VOT methods must balance a trade-off between accuracy and speed.
More complex models (e.g., using a large model, high-dimensional features for the
appearance model, or heavy optimization schemes) generally provide more accurate
localisation and are more robust to the challenges introduced before. However, their
higher computational cost reduces the number of frames per second that can be
processed if run on a given device. On the other hand, small models can run in
near-realtime, but often at a lower localisation accuracy.

Trackers are evaluated by matching their bounding boxes predictions with ground-truth
annotations, frame by frame. From these matches, several metrics are derived to
quantify different aspects of performance at the sequence or dataset level. For

evaluation, the metrics mainly used in the literature are:

o localisation error: This metric is derived from the bounding box misalign-
ment between the predicted and the ground-truth. It is measured either

as the Euclidean distance between bounding-box centers or as the

tion-over-Union (IoU) between predicted and ground-truth boxes. This metric

is generally not used directly for comparison between trackers since it works

at the frame level, but serves as a basis for the global metrics described below;

o precision rate: precision evaluates how often the tracker predicts bounding
boxes sufficiently close to the ground-truth. It is defined as the percentage of
frames where the center-location error is below a fixed pixel threshold (e.g.,

20 pixels);
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e success rate: success rate counts the number of frames in which the IoU
between predicted and ground-truth bounding boxes exceeds a threshold; by

varying this threshold, one can obtain a success plot, and compute its

[Under the Curve (AUC). AUC is one of the most used metrics to compare

trackers over a complete dataset.

In addition, some evaluation protocols include a failure metric, which determines
when the overlaps between predicted and ground-truth bounding boxes drop below
some small threshold, indicating that the tracker needs to be re-initialised with the
ground-truth bounding box of the current frame. The failure rate is expressed as
the number of failures per sequence. It focuses mostly on the robustness of the
tracker over long sequences.

Precision rate and success rate will be used in our experiments, and will be
detailed in Chapter [6] Together, these metrics quantify how accurately and how
consistently a tracker can localize the target over time.

Benchmark datasets are required to evaluate trackers and compare their perfor-
mance in a consistent way. Classic datasets like ImageNet Video 2015 [64], OTB [42]

and Visual Object Tracking (VOT) [65] make a solid point of comparison, while

modern benchmarks such as [Large-scale Single Object Tracking (LaSOT)| [66] or

the GOT-10k [43], and the recently introduced [Multi-View object Tracking (MV-|

[67] and QuadTrack [68] datasets provide large scale, diverse, and richly
annotated sequences that better reflect real-world challenges. Table summa-
rizes the task type (e.g., SOT, MOT), the number of sequences and frames, and
the available ground-truth annotations for each dataset. Table describes the use
cases of these datasets. These datasets include a large range of scenarios, including
long-term tracking, SOT, MOT, and omnidirectional video, allowing a complete
analysis of model performance in diverse settings. We selected these datasets be-
cause they serve as the standard benchmarks in the recent VOT literature.

OTB is one of the first benchmarking datasets used for tracker evaluation. It
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Table 3.1: Overview of commonly used VOT benchmarks.

Dataset Task type # seq. / frames Annotations
ImageNet VID SOT 3,862 / ~1.1M Bounding boxes
2015 [64]
OTB- SOT 51 / 100 seq. Bounding boxes
2013/2015 [42] + attributes
VOT SOT / MOT ~60-400 seq. Bounding boxes /
(annual) [65] (per year) masks
LaSOT [66] SOT 1,400 / ~3.5M Bounding boxes
+ attributes
GOT-10k [43] SOT >10,000 / ~1.5M | Bounding boxes
+ motion,
visibility
MVTrack [67] Multi-view MOT 234,000 frames Bounding boxes
+ occlusion labels
QuadTrack [68] Panoramic MOT 32 /19,200 Bounding boxes
frames + IDs

consists of annotated video sequences where the position of only one target object
is annotated at each frame, allowing for a fair comparison of tracker performance.
The most popular versions are OTB-2013 and OTB-2015, which contain 51 and 100
sequences, respectivelyﬂ Sequences are quite short, with a size from a few hundred
up to a thousand frames. These sequences are annotated with bounding boxes and
the types of challenge represented in the sequence. OTB has been designed for SOT
on short sequences and a focus on challenges such as occlusions, deformations, and

fast motion.

The VOT challenge is an annual benchmarking competition during which vari-
ous tracking models are compared based on a precisely constructed dataset. VOT
provides datasets, evaluation protocols, and toolkits for comparing the performance
of short-term and long-term trackers. VOT has been designed to include both SOT
and MOT challenges, as well as segmentation-based localisation. The format of the
VOT challenge varies significantly from year to year. For instance, the VOT short-

term 2020 dataset provides 60 sequences annotated with segmentation masks, while

LOTB-2015 includes the sequences of OTB-2013.
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Table 3.2: Description of commonly used VOT benchmarks.

Dataset Description
ImageNet VID 2015 [64] Large-scale video detection and
tracking benchmark built on ImageNet
object classes.
OTB-2013/2015 [42] Short single-target sequences with
annotated challenges such as
occlusion, deformation and fast
motion.

VOT (annual) [65] Challenge-style benchmark with
standardized toolkit for short- and
long-term tracking evaluation.

LaSOT [60] High-quality long sequences with
dense annotations and diverse object
categories for large-scale SOT.

GOT-10k [43] Generic tracking in the wild with

non-overlapping train/test classes to

evaluate generalization.
MVTrack [67] Multi-camera synchronized views of 27
object classes, with identity

consistency across viewpoints.

QuadTrack [68] Panoramic videos (around 190,000
boxes) targeting fast motion,

long-term tracking and geometric

distortions.

the VOT long-term 2019 dataset comprises 50 sequences with an average length of

over 4,000 frames.

LaSOT [66] is a large-scale benchmark specifically designed for single object
tracking in challenging real-world conditions. It contains 1,400 long sequences, aver-
aging more than 2,500 frames per sequence, for a total of over 3.5 million annotated
frames. Fach sequence focuses on a single target and is annotated with bounding
boxes. LaSOT also includes attributes such as the type of challenge (e.g., occlusion).
LaSOT is used to evaluate the long-term robustness and large-scale performance
of SOT trackers, emphasizing long-term target disappearance and tracking across

multiple object categories.
GOT-10k is a highly diverse dataset designed for generic object tracking in
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the wild. It contains over 10,000 sequences and more than 1.5 million annotated
bounding boxes, covering around 560 object classes and around 80 patterns. Its
training and test sets are non-overlapping in terms of object classes, which makes it
a strong dataset to evaluate the generalisation capability of trackers. The dataset
provides additional annotations of object visibility ratios and types of motion (e.g.,
jogging, swimming, flying, jumping) described by the classes. GOT-10k is used to

evaluate the generalisation capacity of trackers on non-overlapping test classes.

MVTrack is a dataset built to fulfill the need for multi-view object tracking
(i.e., tracking the same target simultaneously in videos acquired from multiple syn-
chronized cameras with different viewpoints, while maintaining a consistent object
identity across views and time). It is made of 234,000 annotated frames acquired
from multiple camera angles and positions. This dataset consists of 27 object classes
and multiple sequences per class. Each frame is annotated with bounding boxes and
occlusion labels, which allow for evaluating the trackers across multiple occlusion
configurations. MVTrack is used for the benchmarking of trackers that can handle

multiple viewpoints of the same object.

QuadTrack is a recent benchmark dataset used for MOT in complex environ-
ments. Images are collected using a panoramic camera to get each angle of the
tracked object. QuadTrack offers multiple challenges, such as fast-moving objects
and long-term tracking scenarios. It also introduces a new challenge by tracking
a target object on panoramic frames. This dataset is made of 32 video sequences
containing 19,200 frames and around 190,000 bounding boxes, with a duration of
60 seconds for each sequence. QuadTrack focuses on the new challenge of tracking

in panoramic frame, which induces geometric distortions.

Overall, these benchmarks cover complementary challenges of VOT, from early
OTB to LaSOT, GOT-10k, and more specialized settings such as MVTrack and
QuadTrack. In the rest of this thesis, OTB and GOT-10k are used as the primary

evaluation datasets for generic objects, given their widespread adoption in the SOT
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literature.

3.3 Appearance Models

Appearance models can be grouped into several families of methods, according
to how they model the target object and its motion. Generative methods [69)
build a model of the appearance of the target and locate the target in each new
frame by searching for the image region that best fits this model (without explicitly
learning to discriminate the target object from the background). Discriminative
methods [63], on the other hand, treat tracking as a classification task and learn a
decision function that separates the target object from background regions, often
relying on hand-crafted or deep feature representations. Filtering and probabilistic
methods [62] define tracking as a recursive state-estimation problem. They predict
and update a state, such as the position and velocity of the target, over time. These
methods use motion and observation models like Kalman or particle filters. Finally,
feature-based methods [70, 57, 56l 58 59] focus on constructing handcrafted visual
properties, such as gradient, texture, colour, and shape. These properties are used
to match the target object across frames under various conditions. This taxonomy
is based on the surveys by Soleimanitaleb et al. [71] and Smeulders et al. [16].

Figure illustrates this taxonomy.

3.3.1 Generative Methods

Generative appearance models aim to describe how target objects are generated by
approximating a likelihood. Precisely, the tracker builds a target model and, in each
frame, searches for the candidate region that maximises this likelihood approxima-
tion. In practice, generative trackers often rely on simple intensity templates [69)],
colour histograms [57], or more sophisticated subspace representations [72] to cap-

ture the target appearance. Tracking then becomes a template-matching prob-
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Figure 3.2: Taxonomy of VOT methods used in this thesis. Methods are grouped
by appearance (generative or discriminative) and motion (filtering or probabilistic)
models.

lem [16] in which the algorithm scans the scene and selects the region that best
fits the learned target model, without explicitly learning a decision boundary be-
tween target and background, in contrast to discriminative methods (which will be

introduced in Section |3.3.2)).

Early methods relied on fixed templates and struggled to handle strong appear-
ance changes over time. Later work on template-matching generative methods [72]
introduced models with greater generalisation capacity, allowing the template to
adapt to the appearance evolution of the target object. For example, expecta-
tion—maximization schemes introduce learning to update the appearance model,

improving robustness to gradual variations of appearance.

More sophisticated subspace-based generative trackers [10, [72] project the tar-
get appearance into a lower-dimensional subspace, often via principal component
analysis [16]. These methods capture a wider range of appearance variations and

are more robust to noise and minor deformations.

Recently, some generative trackers [73] have integrated learning mechanisms to
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estimate the appearance model from large-scale data. This improves robustness in
complex sequences while retaining the generative matching principle.

In summary, generative methods have the strength of providing an explicit model
of the target appearance, which makes them easy to implement. However, these
approaches often struggle in cluttered scenes where background regions can acci-
dentally fit the target model, and they tend to be less discriminative than methods
that directly learn a boundary between target and background. Moreover, main-
taining and updating a generative model that remains reliable across long sequences
is challenging, limiting its performance in the presence of severe occlusions, strong

deformations, or illumination changes.

3.3.2 Discriminative Methods

Discriminative methods [74] have become the major methods in VOT. They frame
object tracking as a classification problem. These methods use classification models
(with handcrafted or learned features) to separate the target from the background
and produce a decision threshold for each region of interest, rather than only mea-
suring the likelihood of a target to an appearance model as in generative approaches.
The classifier can be updated to adapt to changes in the object appearance, the il-
lumination, and the scene context.

The most common discriminative trackers include correlation filter-based meth-
ods [17], where the decision function is implemented as a learned filter that produces

higher responses at the location of the target than on the background, and more

general classifier-based trackers that rely on models such as [Support Vector Ma-|

chines (SVM] [75]; both categories have demonstrated strong performance in chal-
lenging datasets. Benchmark studies show that discriminative trackers generally
outperform classical generative methods on standard datasets such as OTB-2013
and OTB-2015. On OTB-2015, discriminative correlation-filter trackers typically

achieve success AUC scores in the range of 0.55-0.60 on average [76], whereas clas-
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sical generative template and subspace-based trackers reported in the same studies
remain around 0.45-0.50 AUC on average [76], confirming the advantage of dis-
criminative appearance models on these benchmarks. Especially, discriminative
methods are more effective than generative ones in cluttered scenes. Indeed, gener-
ative approaches can confuse the target with the background, as they do not model
the latter explicitly. By modelling the difference between the target and the back-
ground, discriminative methods can perform better in the presence of occlusions,
illumination changes, and similar-looking objects. Moreover, discriminative models
have a lower inference time, making them suitable for near-real-time applications.

However, the effectiveness of discriminative methods depends critically on the
quality and representativeness of the model features. Handcrafted or shallow fea-
tures, in particular, may struggle when there are significant appearance changes or
non-rigid deformations [77]. More recent work [60] integrates the learning of deep
feature representations.

Another form of discriminative methods is correlation filter-based trackers. They
learn, from the first frame, a filter such that the correlation between this filter and a
search region produces a maximum of response at the location of the target object.
Correlation-based methods such as the MOSSE introduced by Bolme et al. [17],
or KCF from Henriques et al. [I8] achieve high inference speeds (often hundreds
of frames per second on CPU [18]) while maintaining accuracy on benchmarks like

OTB-2013 [78).

3.3.3 Feature-Based Methods

In this section, we describe handcrafted and machine learning appearance models
used in generative and discriminative models. Handcrafted feature-based [74] meth-
ods offered effective object representation before deep learning was adopted. These
methods use designed features [56], [70, 58, [57], based on texture, colour, shape, or

edges. This design allows tracking under various conditions. Handcrafted feature-
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based tracking methods aim to extract descriptive features from the target object,

which are used to identify and localize the object in subsequent frames. Common

feature descriptors include:

IHistogram of Oriented Gradients (HOG)| [56]: they extract local edge fea-

tures by computing the distribution of gradient orientations within localized
regions. Histograms of oriented gradients are particularly effective for tracking

objects with sharp contours.

Local binary patterns [70]: they encodes local texture by thresholding pixel
neighborhoods, providing robustness to changes in illumination, as well as

minor deformations.

Colour histograms [57]: they represent the distribution of colours within the
target and local regions. This method is robust to partial occlusions and small

appearance changes.

Gabor filters [58]: they extract texture features. This model performs well

for distinguishing objects with complex surface patterns.

Hough transform [59]: it detects geometric shapes such as lines or circles, and

is suited for tracking objects with regular structures.

Feature-based methods use similarity measures (e.g., the Euclidean distance,

correlation measures) or classifiers (such as SVM) to perform object matching or

discrimination.

These methods are computationally efficient, making them suitable for near-

real-time applications. They are particularly effective when the target object is

very distinct from the background, when it has stable properties (e.g. strong colour,

clear edges or texture patterns), and when training data is scarce or unavailable.

However, these methods can struggle with significant appearance changes, non-rigid

deformations, and complex backgrounds, as their performance relies strongly on the
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quality of the chosen representation of the descriptors. Designing effective features
often requires extensive experimentation.

Despite these advantages, classical correlation filter-based trackers still suffer
from important limitations. Their linear formulation and reliance on relatively sim-
ple handcrafted features (e.g., grayscale intensities, HOG, colour names) restrict
their discriminative power in cluttered scenes or in the presence of similar distrac-
tors, and they are particularly sensitive to significant appearance changes, heavy
occlusions, and complex background motion.

While deep learning has surpassed handcrafted features in state-of-the-art track-
ers, recent work [77, [79] has explored hybrid approaches that combine handcrafted
and learned features. Moreover, handcrafted features remain relevant in applica-

tions where interpretability, computational efficiency, or data scarcity are essential.

3.4 Motion Models

Estimation-based [16] methods form a specific class of visual object tracking meth-
ods. These models focus on the prediction and update of the object state (i.e., its
position, velocity and acceleration) through a sequence using motion models. These
methods use the temporal consistency over sequences, extracting specific physical
features (e.g., displacement between consecutive positions, direction, or centre of
mass) from previous frames to maintain an accurate tracking even under challenging
conditions like occlusions.

Estimation-based trackers cast VOT into a recursive process. At each frame,
the algorithm predicts the next state of the target object using a motion model,
then adjusts this prediction based on observed position of the target. This process
allows the tracker to handle occlusions and missing detections by estimating the
direction of the target object. Among motion models, Kalman filters [80] and

particle filters [62] show effective results for VOT.
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Kalman filters are among the most used techniques in VOT. These methods
assume that the state of the object (such as its position and velocity) follows a simple
linear motion model, while both the motion and the measurements are affected
by Gaussian noise. At each time step, the Kalman filter first predicts the new
state from the previous one using the motion model, then recursively adapts this
prediction by combining it with the current noisy position of the target given by a
detector (learned or not). The covariances of the prediction and the measurement
quantify how uncertain each source of information is; the filter computes a Kalman
gain that automatically gives more weight to the source with lower uncertainty and
less weight to the source with higher uncertainty. Kalman filters are efficient and
have a short inference time for targeted objects having a smooth motion. They are
particularly efficient when the target follows a smooth, approximately linear motion
between frames and when the process and measurement noise can be reasonably

modelled as Gaussian.

An example of an estimation-based tracker is|Simple Online and Realtime Track-|

ing (SORTY [81], which combines a Kalman filter with the Hungarian algorithm [82]
for data association for MOT. In this framework, detections provided by an external
object detector are treated as noisy measurements, while the Kalman filter predicts
each future state of the target object based on its past motion. By linking detections
to predicted positions, SORT achieves fast, online tracking in frames with several

targets.

Particle filters extend this framework to non-linear sequences. These methods
represent the state distribution as a set of weighted particles, each particle cor-
responding to a possible object state. Particle filters are particularly useful for
tracking objects with sudden motion changes or in cluttered backgrounds, as they

can represent complex, multi-modal state distributions.

While improving the robustness of the tracker compared to generative or discrim-

inative methods, estimation-based methods depend highly on the accuracy of the
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underlying motion and appearance models. More recently, researchers have explored
some hybrid approaches that combine the strengths of different estimation-based
techniques [62]. For example, some authors [83] have integrated deep learning-based
methods with state estimation methods, using deep learning features to create com-

plex motion models.

3.5 Deep Learning-based Methods

Deep learning has significantly advanced VOT by providing powerful appearance
models and learned motion representations. In this section, we review representa-

tive deep learning-based trackers that illustrate the main design choices adopted in

modern VOT. We first present the [Multi-Domain Network (MDNet)| [3], which for-

mulates tracking by detection with a multi-domain [Convolutional Neural Network]|

classifier, then[Deep Simple Online and Realtime Tracking (DeepSORT))| [83],

which combines a deep appearance embedding with an estimation-based motion

model for MOT. We then discuss the use of |[Long Short-Term Memory (LSTM )| [84]

and architectures [85] together [86] to explicitly model temporal dependencies.
Finally, we focus on SiamFC from Bertinetto et al. [4] and Siamese-based trackers

in general |4, [87, [88].

3.5.1 MDNet

MDNet is a tracking by detection model that uses a CNN as an appearance model
for tracking targeted objects in sequences. The network architecture consists of a
single backbone of convolutional layers followed by domain-specific branches (see
Figure . MDNet is trained using a multi-domain learning method: it includes
several specialised neural networks trained for specific sequences. However, before
training any of these specialized parts, the convolutional layers of backbone are

pretrained to capture a generalized representation of features shared among all
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sequences. This shared feature space makes MDNet able to represent a wide range

of object appearances.
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Figure 3.3: MDNet architecture [3]. MDNet is composed of a feed-forward convo-
lutional backbone that learns general features from large-scale visual tracking data.
Then, domain-specific layers are trained for specific tracking tasks. This figure
comes from Nam et al’s paper

For new sequences containing a new target object, MDNet removes the domain-
specific layers and updates the shared representation online using a binary classifi-
cation layer. This online adaptation allows the tracker to quickly specialise to the
appearance of the new target in the current sequence, making it able to separate
it from the background. Such a mechanism makes MDNet robust to occlusions,

deformations, or illumination changes.

MDNet has outperformed traditional trackers on commonly used datasets such
as OTB and VOT [3]. However, its gain in robustness comes at the cost of a low
computational speed, as the need for frequent online updates makes MDNet slower
than some real-time trackers.

Research has since enhanced MDNet making it faster for feature extrac-
tion, with a more discriminative loss function, and an introduced region-of-interest
alignment [90] (a precise way to extract fixed-size features from candidate regions

in the feature map) to increase its speed and accuracy.
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3.5.2 DeepSort

DeepSORT [83] is one of the most used architectures for MOT. This model is
based on the original SORT algorithm. While SORT relies only on a motion model
using a Kalman filter and the Hungarian algorithm for data association, DeepSORT
introduces a deep learning-based appearance model. Precisely, DeepSORT uses a
CNN to extract discriminative appearance features for each target object. This
feature space is then used in addition to the motion model to predict the position
of each object in subsequent frames, reducing the incidence of identity switches and
improving robustness in crowded or occluded scenes.

Compared to SORT and MDNet, DeepSORT offers a balanced trade-off between
robustness and computational cost. By adding the Kalman filter and Hungarian
data association used in SORT with a deep appearance model, DeepSORT signif-
icantly improves robustness under occlusions and in scenes with multiple targets,
where motion information alone is often ambiguous. At the same time, it remains
far more efficient than trackers such as MDNet, since the appearance network di-
rectly performs the re-identification of the target object, without the need for full
online model adaptation for each target. However, this design also introduces limi-
tations. DeepSORT still depends on an external detector; its performances degrade
when detections are noisy or missing. Its appearance model is less adaptive than the
features of MDNet, which can handle more severe, long-term appearance changes
thanks to their online adaptation, but at the cost of a much higher computational

cost.

3.5.3 LSTM and CNN

Deep learning-based trackers encompass a wide range of architectures, including

models where [Recurrent Neural Networks (RNN)| [91] act as learned motion models.

One of the largest sets of these models is the LSTM + CNN tracker. Among these
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trackers, a representative example is the [Recurrent you Only Look Once (ROLO)|

model [86], which has been one of the first models to combine deep motion and

appearance models together in VOT. In ROLO, a CNN, similar to the one of

Only Took Once (YOLO] detector [92], processes each frame from a sequence to

extract spatial features, and generates bounding boxes for all detected objects,
which are then concatenated and passed as input to a LSTM [84] network, which
regresses the final bounding box and implicitly models the trajectory of the target

over time.

ROLO showed that using CNNs and LSTMs can be effective for online, real-
time tracking tasks, although its speed (10 frames per second) remains low [86].
The CNN provides rich spatial representations, while the LSTM extracts temporal
context to smooth trajectories and recover from missed detections. This combi-
nation allows LSTM + CNN trackers to outperform previous deep learning-based
trackers like MDNet and DeepSORT. Their modular design also allows for flexibil-
ity, as different CNN backbones or LSTM configurations can be adapted to specific
application requirements or computational constraints. Despite these advantages,
CNN + LSTM trackers, such as ROLO, also have limitations. Their recurrent
structure increases their computational cost, as compared to purely feed-forward
architectures. Moreover, modelling long-term temporal dependencies with LSTMs
can be difficult in the presence of dramatic appearance changes, scale variations, or

fast motion, which may lead to loss of the target object.

A variant of ROLO is Tiny-ROLO [93], which replaces the original YOLO de-
tector with Tiny-YOLO [94] in order to reduce the computational cost. In this
configuration, the LSTM component of the tracker is unchanged, but the detection
is faster. This variation increases the overall processed frames per second, but at
the cost of reduced localisation accuracy. Evaluations [93] show that Tiny-ROLO
generally tracks less accurately than ROLO, which highlights how the choice of de-

tector strongly governs the final trade-off between speed and precision in CNN +

63



LSTM trackers.

3.5.4 SiamFC and Siamese-based Trackers

SiamFC [4] is a Siamese network, that is, a network composed of two branches that
share the same backbone (i.e, shared weights). The particularity of SiamFC is the
replacement of the fully connected layers with convolutional layers in its AlexNet [9)]
backbone. This replacement enables the use of images of different sizes as input for
each branch of the Siamese network. This method is fast and efficient, but is only

suited to SOT.

Figure shows the global architecture of SiamFC. This architecture learns
similarities between the object to track (represented by an exemplar image, that is, a
patch of the first frame cropped around the target object) and a search region (called
the candidate image), defined as a region of the next frame cropped around the
previous location of the target. To this end, a similarity function f is trained offline.
This function computes the cross-correlation between the output of the exemplar
branch and the output of the candidate image branch. This cross-correlation f
outputs a map of intensities. The position of the target is at the maximum intensity
of this map. The map is then interpolated with bilinear interpolation to match the
coordinate system of the candidate image. Equation provides the definition of

the similarity function:

f(z,2) = p(2) * p(x) +b (3.1)

*W2xC i the exemplar image

where * is the cross-correlation operator, z € Rz
fed to the examplar branch (with H,, W,, and C being the height, width, and
number of channels of the examplar image, respectively), x € RI=xWexC g the

instance image fed to the instance branch (with H, and W, being the height and
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width of the instance image, respectively), b € R is a similarity margin parameter
which shifts all values in the output similarity map to center the distribution of the
output similarity map, so that it is compatible with the logistic loss [95], and ¢ is

the feature extractor model (typically, an AlexNet backbone).

= hip i
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17x17 1

;‘l;l
255x255x3
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Figure 3.4: Workflow of SiamFC architecture [4]. This figures has been used from
the paper of Bertinetto et al. [4].

Compared to the previous deep learning-based trackers, SiamFC offers a trade-
off between accuracy and computational cost. As a fully convolutional, purely
feed-forward Siamese network trained entirely offline, SiamFC avoids per-sequence
online adaptation as in MDNet, and recurrent processing as in ROLO. This en-
ables fast object tracking beyond real time (i.e., between 50 and 100 frames per
second, depending on the actual architecture) while still learning a discriminative
appearance model from large-scale data. However, this design also has limitations.
In its original paper, the target object is extracted from the first frame and kept
fixed, and the network parameters are not adapted online. As a result, SiamFC
can struggle with large, long-term appearance changes of the target. Furthermore,
unlike DeepSORT, it does not explicitly handle MOT.

Several authors have tried to improve the original SiamFC, such as in SiamMask [96],

the[Siamese Region Proposal Network (SiamRPN)|[88], [Siamese Multi-Task (SiamMT)|[36],
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and SiamFC++ [87]. Each of these architectures has brought novelty and increased

performance, but also increased the computational cost of SiamFC.

SiamMask is a subtype of Siamese-based model derived from SiamFC that simul-
taneously performs visual object tracking and semi-supervised object segmentation.
Initialized with a single bounding box in the first frame, SiamMask predicts both
the bounding box and a binary segmentation mask for the target in each subsequent
frame. This ability allows SiamMask to track object location and provide pixel-level

segmentation, making it effective when precise object boundaries are important.

SiamRPN is also a Siamese tracking model that integrates a region proposal

network, inspired by advances in object detection such as [Faster Region-based Con-|

polutional Neural Network (Faster R-CNNJ[97]. This allows SiamRPN to generate

multiple candidate regions and select the most likely location for the targeted object,
improving tracking accuracy and robustness, especially in the presence of distrac-
tors or significant appearance changes. The region proposal mechanism enables

more precise localisation than earlier Siamese trackers.

SiamFC++ is based on the original SiamFC from Bertinetto et al. [4]. It retains
its fully convolutional Siamese design, with new branches and losses. In contrast to
SiamFC, which only performs a binary classification of the target object against the
background by learning a cross-correlation operator, SiamFC++ also predicts the
dimensions of the bounding box (from a regression branch) and a quality score for
each location on the map. So, SiamFC++ makes no assumption on the dimensions
of the bounding box of the target object. This design removes the need for manually
defined fixed scale priors and makes the tracker more flexible when the target object
undergoes large changes in size and aspect ratio. This multi-objective training
encourages the network to produce classification scores that are less ambiguous,
at the cost of a small computational overhead. During inference, the final tracking
decision combines classification and quality scores, enabling SiamFC++ to suppress

these distractors that may have high raw similarity, but do not correspond to the size
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of the original target object, and thus improves robustness and accuracy compared
to SiamFC.

SiamMT extends the siamese-based trackers by adding multiple tasks, such as
classification, localization, and sometimes segmentation, within one architecture.
By simultaneously optimizing these tasks, SiamMT improved the discriminative
ability of the learned features and enhanced tracking performance.

Finally, SiamFC and its derived models are trained entirely offline, enabling
high-speed, near real-time tracking without the need for online adaptation during

inference.

3.5.5 Transformer-based Trackers

Transformer-based trackers were introduced more recently in VOT. This deep learning-
based model relies on the success of transformers in image classification [98] and
object detection [99]. These models use self-attention mechanisms to identify and
re-identify the targeted object. In the literature [100, [101], authors have explored
multiple ways of integrating transformers. One common approach is the hybrid
Siamese-transformer trackers, extending the classical SiamFC architectures from
Bertinetto et al. [4]. These models replace the convolutional backbone with trans-
former blocks. More recent approaches propose a purely transformer-based and
single-branch architecture. These models have rapidly achieved state-of-the-art
performance on challenging benchmarks such as LaSOT and GOT-10k [102], par-
ticularly in scenarios involving cluttered backgrounds, large appearance changes
and long-term disappearance of the target.

A representative hybrid approach is the TransT tracker [I00]. TransT uses a
Siamese-like tracker architecture with a feature extraction backbone, but replaces
the classical correlation-based similarity estimation with an attention-based feature
fusion network implemented with transformers. In TransT, the exemplar and search

images are first processed by a shared CNN to produce feature maps, which are then
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fed to two transformer modules. The first one enhances each feature map with its
own global context, and includes a cross-feature module based on cross-attention
that explicitly models the interactions between exemplar and search features. This
attention-based fusion operation enables the tracker to adaptively focus on infor-
mative regions and suppress distractors, effectively replacing the fixed-correlation
operation of SiamFC [4]. As a result, TransT achieves higher accuracy and robust-
ness than classical Siamese trackers [4, 87, [8§] on multiple benchmarks while still

operating at near real-time speed.

Beyond hybrid architectures like TransT, a second family of methods in the liter-

ature uses transformer models. This family of models rely on|Single Branch Tracking]

architectures [I01]. Instead of using a Siamese branch for the exemplar and
search images, these models use a common branch that jointly encodes the exem-
plar image and the search image via a sequence of self-attention and cross-attention
layers. The target is represented either by dedicated tokens or by embedding the
initial bounding box into the transformer input. The model predicts the target
location at each frame by decoding these tokens. This single-branch formulation
can simplify the overall pipeline and add the global contextual modelling capacity
of transformers. Overall, single-branch transformer trackers achieve competitive or
superior accuracy compared to hybrid Siamese-transformer-based models [100], but

often at the cost of higher memory usage and increased computational complexity.

3.6 Conclusion

has gradually evolved from early handcrafted and analytic approaches to
deep learning-based models that rely on learned feature representations and pow-
erful similarity or classification functions. Along this evolution, the field has con-

verged toward a common problem formulation (SOT vs. MOT, short-term vs.

long-term tracking) and a shared set of benchmarks such as OTB, VOT, LaSOT,
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GOT-10k, MVTrack, or QuadTrack, which provide standardized evaluation proto-

cols and cover increasingly complex scenarios.

Classical tracking methods can be grouped according to their appearance and
motion models. On the appearance side, generative trackers build an explicit model
of the target and search for regions that best match this model, whereas discrimi-
native trackers learn a decision function that separates the target object from the
background. In practice, discriminative methods based on correlation filters or clas-
sifiers tend to outperform generative ones on the standard benchmarks presented
here. This is especially the case in cluttered scenes and in the presence of similar
distractors, because they explicitly model the difference between target and back-
ground rather than only the target itself. On the motion side, Kalman and particle
filters provide ways to predict the position of the target object over time by estimat-
ing the trajectory of this object. These models improve robustness under partial
occlusions or short-term disappearance compared to appearance-only trackers. De-
spite these advances, combinations of handcrafted appearance models and classical
motion models still face a trade-off: simple models are fast but not robust enough
to strong appearance changes, long-term occlusions, or complex backgrounds, while
more elaborate formulations increase the computational cost and remain difficult
to scale to long sequences or large datasets. These limitations on both robustness
and efficiency motivate the transition to deep learning-based architectures, which

can learn richer appearance representations and exploit temporal information.

Deep learning-based methods, such as MDNet, DeepSORT, CNN-LSTM track-
ers, Siamese architectures (i.e., SiamFC and its derivatives) and transformer-based
models, have significantly improved tracking performance on standard benchmarks
by combining more expressive appearance models with more flexible motion or as-
sociation strategies. At the same time, these models introduce new constraints, in
particular in terms of training data requirements, model size, and inference speed,

which are critical when tracking has to be performed in real time or on limited
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hardware resources.

Table |3.3] summarises all the trackers described in this background chapter,
along with their core concepts and main characteristics to facilitate comparison. In
summary, SiamFC offers a favourable trade-off between localisation accuracy and
computational cost compared to the other deep learning-based trackers reviewed in
this chapter. While MDNet and ROLO achieve strong robustness through online
adaptation or recurrent modelling, their inference time remains significantly below
real-time, which is incompatible with applications that require to process long se-
quences. In contrast, SiamFC and its derivatives maintain real-time or even beyond
real-time performance (around 50-100 frames per second depending on the back-
bone and hardware) while providing a competitive appearance model on standard
VOT benchmarks such as OTB and GOT-10k. SiamFC variants like SiamRPN,
SiamMask or SiamFC++ improve the accuracy and robustness of SiamFC, but at
the cost of increased architectural complexity, memory consumption, and training
and inference cost. Transformer-based model improve accuracy further, but a cost
of additional complexity. It should be noted that transformer-based models were
released after the beginning of this work, and most of them are build on Siamese
architectures.

For the rest of this thesis, we focus on adapting SiamFC from Bertinetto et
al. [4] to SNNs. Since more performant trackers (such as SiamFC variants and
transformer-based architectures) use the same core architecture as SiamFC, it con-

stitutes the best starting point to develop the first, directly trained SNN trackers.
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Chapter 4

Spiking Neural Networks

SNNs are a family of neural models in which information is carried by discrete spikes
evolving over time, rather than by continuous activations as in ANNs [21]. Instead of
updating all neurons at every layer synchronously, SNNs update membrane poten-
tials only when spikes occur, leading to sparse, event-driven computation well suited
to low-power neuromorphic hardware and to sensors that produce spike trains. In
this chapter, we introduce the main requirements for building and training SNNs,
then focus on how these models can be used for VOT, with an emphasis on spiking

Siamese architectures.

4.1 Core Concepts of Spiking Neurons

Spiking neurons provide the basic computational units of SNNs by describing how
inputs are integrated and when spikes are emitted. Different neuron models have
been proposed, depending on the trade-off between biological realism and compu-
tational efficiency, from simple spike integrator models to more detailed ion channel
models. This section introduces the main spiking neuron models and neural coding
schemes that will be used in the remainder of the thesis, and provides the necessary

background to understand the SNN-based tracking methods presented later.
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4.1.1 Spiking Neuron Models

Spiking neurons are a large set of neuron models. Each of them can be used for

specific problems. Among the most influential models are the |Integrate-and-Fire|

model [103], the [Leaky Integrate-and-Fire (LIF)| model [22], [Hodgkin-Huxleyl|

(HH] model [104], and [Spike Response Model (SRM)| model [22], each offering

distinct properties in computational complexity and representation capacity [105].

Before detailing these models, we briefly recall a few basic concepts common to

most spiking neurons. The internal state of a spiking neuron is represented by its

membrane potential. Its value increases with [Excitatory Postsynaptic Potentials|

(EPSPs) and decreases with [Inhibitory Postsynaptic Potentials (IPSPs)| which are

generated by presynaptic spikes at excitatory and inhibitory synapses, respectively.
When the membrane potential crosses a given firing threshold, the neuron emits
an output spike and its internal state is reset. After each spike, the neuron may
enter a refractory period, during which the neuron cannot, or is less likely to, emit
another spike. In basic [[F] models, this is always implemented explicitly, whereas
in models like [104] or Izhikevich neurons [105], this feature is inherent to the
mathematical framework of the models. The different spiking neuron models mainly
differ in how they describe the evolution of the membrane potential, the form of

the synaptic input, and the implementation of the refractory mechanism [22].

The IF model [I03] is one of the simplest models of spiking neurons. In this
model, the membrane potential of a neuron accumulates incoming synaptic inputs
over time. When the potential reaches a fixed threshold, the neuron emits a spike
and the potential is reset, often followed by a refractory period. The IF model pro-
vides a computationally lightweight model for simulating deep neural networks. Its
simplicity, however, comes at the cost of a more restricted representation capability

of complex problems. The behaviour of this neuron in discrete time is modelled by
Equation
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Vi(t) = Vit — 1)+ ) WiS;(t — 1) (4.1)

J=1

where the output spike of neuron 7 at time t is defined as:

17 if %<t> > V;ha

Si(t) =

0, otherwise,

and the membrane potential is soft reset after a spike as:
V;(t) = ‘/z(t) - ‘/;est if ‘/z(t) > V;;h

where V;(t) is the membrane potential of the neuron ¢ at time ¢, S;(¢) represents
the input presynaptic spike that arrives at time ¢ for neuron j, W;; is the synaptic
weight from neuron j to neuron ¢, and J is the number of presynaptic neurons.
When the membrane potential V;(t) crosses the threshold V;j,, the neuron emits
a spike and its membrane potential is reset by subtracting the threshold, V;(t) =
Vi(t) — Vin. This behavior is called soft reset.

The LIF model [22] introduces a leak term, representing the passive decay of
the membrane potential toward a resting value in the absence of input. This is
typically modelled as a resistor-capacitor circuit, where the resistor accounts for
the leakiness of the membrane. Variants of the LIF model, such as adaptive [22]
and generalized forms [106], have been developed to better reproduce the diverse
firing patterns observed in the hope of improving the representation capability of

the neurons. The LIF model is defined in Equation [4.2

Vi(t) = AVi(t — 1) + > Wy;8;(t — 1) (4.2)

with



where V;(t), S;(t), W, are the same as Equation A is the leak factor where
0 < X <1, and 7, is the membrane time constant which regulate the decrease of
the membrane potential. Compared to the IF neuron, the LIF model provides a
more realistic temporal integration of presynaptic spikes, while remaining simple
enough to be efficiently used in deep SNN architectures.

The HH model [104] is used mostly for biophysical realism in neuron model-
ing. It describes the generation and propagation of action potentials through a
set of nonlinear differential equations that model the dynamics of voltage-gated
ion channels. The HH model accurately reproduces the shape, timing, and refrac-
tory behavior of real neuronal spikes, making it a good candidate for studying the
detailed mechanisms of neural excitability. However, its high computational cost
limits its use in large-scale simulations and real-time neuromorphic systems, where
simpler models like IF or LIF are preferred for efficiency.

The SRM [22] is a kernel-based approach to spiking neuron modelling. Instead
of directly simulating membrane dynamics, the SRM describes the membrane po-
tential as a sum of response kernels triggered by incoming spikes and the firing
history of the neuron. This allows the SRM to efficiently capture both the effects
of synaptic inputs and the aftereffects of spiking, such as refractory periods. The
flexibility of the model makes it suitable for a wide range of theoretical and compu-
tational studies, particularly where the precise timing of spikes and their influence

on network behavior are of primary interest.

A |Convolutional Spiking Neural Network (CSNN)|[107] is a spiking neural net-

work in which neurons are connected via convolutional filters, so that spikes are

processed through spatial convolutions.

4.1.2 Neural Coding

Before using SNNs, real value data needs to be converted into spikes during a

preprocessing phase. Various methods of neural coding exist (see [108] for a review).
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Among these, rate coding [41], latency coding [109], and direct coding [41] have
emerged as the most popular models to convert real-valued data into spikes with a
limited loss of information. Rate coding [41] is the most used and widely studied
neural coding mechanism. In this scheme, data is expressed as the frequency of
the spike train over a specific time window. In practice, the intensity of an input
value is represented by the number of spikes transmitted: a higher value leads to
a higher firing rate. Rate coding is valued for its robustness and simplicity [41],
making it a highly used encoding scheme in SNNs. However, this encoding scheme
is quite inefficient for rapid information transmission, as it requires several spikes
to encode a single value, and it ignores the precise timing of individual spikes. A
common way to implement rate coding is to generate spikes according to a Poisson
process [109] (i.e., a stochastic process in which spikes occur independently with a
constant average rate over time). In practice, the input value controls the rate of
the Poisson process, so that the expected number of spikes in a given time span is
proportional to the encoded value. In discrete time, rate coding can be implemented
by sampling a spike independently at each time step with probability proportional

to the input value. This probability is defined in Equation 4.3}
s(t) ~ Bernoulli(p(z)), P(T) = Tmax® (4.3)

where x is the input value (e.g., a pixel value), s(t) € {0,1} is the spike at time ¢,
Tmax 1S @ maximum firing rate, and p(x) is the resulting spike probability per time
step. Over a discrete time window of 7" time steps, the firing rate has expectation

E[S] & Tmax, so the average number of spikes is proportional to the encoded input

value. § is defined in Equation

> s(t) (4.4)

t=1

Nl

S =

Latency coding [110], a type of temporal coding, encodes data as the precise
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timing of a spike. In this model, the latency of a spike represents the strength of the
input: a lower latency indicates a larger value. This approach allows for rapid and
energy-efficient information processing (i.e., only a single spike is needed to convey

meaningful information) [109]. In discrete time, it is defined in Equation [4.6}

topike = [(1—€) T| + 1, (4.5)

and

17 t= tspike
S(t) = d=1,...T (4.6)

0, otherwise.
where € € [0, 1] is the input value, tgue is the latency, ¢, is the first time step
and .y is the last time step, T the number of time steps, and S(t) indicates the
presence of a spike at time t.

Direct coding [41] consists of learning the conversion from continuous value
inputs to spikes directly within the first spiking layer, instead of using a hand-
crafted encoding such as rate or latency coding. In practice, the input (e.g., image
pixels) is fed to a learnable spiking layer trained with the rest of the network. In
this encoding, the spike trains produced by this layer are adapted to the targeted
task. This makes direct coding a strong candidate for building complex spiking
representations of data. It has shown competitive performance against rate coding

on large-scale image classification benchmarks [41].

4.2 Training Spiking Neural Networks

SNNs are challenging to train. On the one hand, directly training deep SNNs
is difficult due to the non-differentiable thresholding function and the temporal

nature of spiking neurons. These problems limit the applicability of standard back-

propagation [111] and make local rules such as [Spike Timing-Dependent Plasticity|

(STDP] [112] hard to use in deep models. On the other hand, indirect approaches,
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which transfer pretrained ANN parameters to SNNs, often sacrifice the potential
energy savings of the training phase. In this section, we review the main methods
for training SNNs. First, we present ANN-to-SNN conversion methods [113], then
Hebbian learning methods [114], an alternative to gradient propagation: feedback

alignment and finally, surrogate gradient.

4.2.1 ANN to SNN Conversion

The standard ANN-to-SNN conversion process involves training an ANN using es-
tablished methods (such as backpropagation) and then mapping its parameters
(weights and biases) onto an equivalent SNN architecture. In this process, artificial
neurons are replaced by spiking neurons, often of the IF type. The average firing
rate of each SNN neuron is designed to approximate the activation of its analog
counterpart over time (similar to rate coding), enabling the SNN to mimic the
behaviour of the trained ANN for tasks such as classification or regression.

A key challenge in conversion is the activation mismatch: the information ca-
pacity of spike trains in SNNs is inherently lower than the continuous activations in
ANNS, leading to potential accuracy loss and requiring longer simulation times for
the SNN to reach ANN-level performance [113]. To address this, researchers have
introduced techniques such as threshold balancing [115], weight normalization [115],
soft-reset mechanisms [113], and layer-wise parameter calibration [113| [115] to min-
imize conversion errors and preserve information flow through the network.

Recent frameworks, such as SpikeConverter [116] and other optimal conversion

methods [117], have demonstrated nearly lossless conversion for deep architectures

like |Visual Geometry Group (VGG)|[118], [Residual Neural Network (ResNet)| [119],

and MobileNet [120] on large-scale datasets, while drastically reducing the number
of time steps required for inference. These advances rely on improved theoretical
understanding of conversion errors, novel neuron models, and temporal separa-

tion schemes that better align spike generation with ANN activations. Moreover,
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hybrid coding strategies (e.g., temporal and phase coding [29]) and burst-spiking
models [29] have been explored to further compress information into fewer spikes,
reducing inference latency and energy consumption.

ANN-to-SNN conversion has enabled SNNs to match or closely approach the
accuracy of their ANN counterparts on challenging tasks, while offering substantial
gains in energy efficiency at inference, when deployed on neuromorphic hardware.
For example, Lemaire et al. [10] report SNN models that are approximately 6 to 8
times more energy efficient than their ANN counterparts, provided that the spike
rate is sufficiently low (for further details see Section , Page . At the same
time, converted models often suffer from performance loss and increased inference
latency due to activation mismatch [117, 121} [115], and the need for a large amount
of time steps to accurately approximate ANN activations, which recent ANN-to-

SNN methods [122] [123] try to mitigate.

4.2.2 Hebbian Learning

Hebbian learning [114] is based on the idea that the strength of the synaptic connec-
tion between two neurons should increase when they are activated together—often
summarized as “cells that fire together, wire together.” In the context of spiking
neural networks, Hebbian learning provides a biologically inspired and local mech-
anism for synaptic plasticity, enabling networks to adapt and learn from temporal
patterns of activity without the need for global error signals or backpropagation.
In SNNs, Hebbian learning can be implemented at both the rate and spike lev-
els. Traditional rate-based Hebbian rules [124] adjust synaptic weights based on the
correlation between the average firing rates of the pre- and postsynaptic neurons.
However, more recent research emphasises spike-based Hebbian learning [125] (e.g.,
STDP), where the precise timing of individual spikes plays a critical role. For ex-
ample, synaptic weights are increased if a presynaptic spike precedes a postsynaptic

spike within a narrow time window, and decreased if the order is reversed,
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Modern SNN models mostly use Hebbian learning for unsupervised represen-
tation learning [126], [127, 12§] or continual learning [129]. For instance, recent
work [126] has demonstrated that Hebbian learning can be used to develop SNNs
capable of learning internal representations from data in an online, unsupervised
manner, closely mimicking the sparse and irregular firing patterns of cortical neu-
rons. Furthermore, Hebbian learning principles have been extended to address
challenges such as catastrophic forgetting in continual learning scenarios [129].

While STDP and Hebbian plasticity are powerful and biologically plausible rules,
they are mostly applied in unsupervised learning settings. These methods cannot
handle deep supervised tasks. Furthermore, direct training of deep SNNs often
suffers from the dead neuron problem [130, [131], where many neurons stop spiking

and thus receive no effective learning signal.

4.2.3 Feedback Alignment

Feedback alignment [132] was originally introduced as a biologically motivated
alternative to standard backpropagation, in which error signals are propagated
through fixed, random feedback weights instead of the exact transpose of the for-
ward weights, which is difficult to implement in neuromorphic hardware. This
relaxation of weight symmetry from backpropagation makes it a good candidate for
the hardware implementations of SNNs.

In the context of spiking neural networks, feedback alignment and its variants
(i.e., direct feedback alignment [133] and broadcast feedback alignment [134]) are
hardware-friendly solutions for supervised learning. These methods enable multi-
layer SNNs to learn by transmitting error signals through random projections or
fixed feedback pathways, rather than relying on the exact gradients computed by
backpropagation.

Recent research [135] [136] has demonstrated the feasibility and effectiveness of

feedback alignment in SNNs. For example, spike-train level direct feedback align-
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ment has been shown to support efficient on-chip learning, reducing hardware re-
source consumption and training latency while maintaining competitive accuracy
on real-world tasks such as image and speech classification [136].

Broadcast feedback alignment [134] extends the concept by sending error signals
directly from the output layer to all hidden layers via random feedback connections,
further simplifying the training process of multiple-layer SNN architectures. This
progress position feedback alignment as a promising direction for training deep
SNNs in a way that is efficient for hardware deployment.

While feedback alignment is more biologically plausible and could be easier
to implement on neuromorphic hardware than backpropagation, empirical stud-
ies [137, [138] show that feedback alignment and direct feedback alignment struggle
to perform as effectively as backpropagation on deep convolutional architectures

and complex datasets.

4.2.4 Backpropagation with Surrogate Gradient

Backpropagation is the standard learning algorithm for deep ANN models. In these
models, gradients of a global loss function are propagated backwards through all
layers to update the weights of the neural network. The application of backpropa-
gation to SNNs is challenging because spikes are generated by a non-differentiable

Heaviside step function [40] and spiking neurons are inherently temporal. The tem-

poral nature of spiking neurons requires the use of [Backpropagation Through Time]|

(BPTTY [139]. BPTT is an extension of backpropagation to RNNs, in which the
network is unrolled over discrete time steps so that gradients can be propagated
through the temporal dimension and used to update synaptic weights. Despite these
constraints, gradient-based training through backpropagation remains attractive for
supervised deep SNNs. In this section, we introduce the two major methods used
for training SNNs with backpropagation, feedback alignment [132] and surrogate
gradient [40].

82



Surrogate gradient methods [40] have become the dominant method for training
spiking neural networks using gradient-based optimization, effectively overcoming
the challenge posed by the non-differentiable nature of spike generation. In SNNs,
a spike is emitted when membrane potentials reach a threshold, which prevents the
direct application of backpropagation, as its derivative is zero almost everywhere
and a Dirac at the threshold. Surrogate gradient learning addresses this by re-
placing the non-differentiable spike function with a smooth, differentiable surrogate
activation function during the backward pass, while retaining the original spiking
dynamics in the forward pass.

A wide variety of surrogate functions have been proposed, including the sig-

moid [39], [Rectified Linear Unit (ReLU)|[39], exponential [39], Gaussian [39], and

piecewise linear functions [39]. These differentiable surrogate functions approximate
the gradient of the Heaviside step function, and as previously mentioned, enabling
the use of BPTT. The choice of a surrogate function and its hyperparameters (e.g,
the steepness of the sigmoid), can significantly influence learning performance.
Surrogate gradient methods have demonstrated strong robustness, allowing SNNs
to get closer to state-of-the-art results on complex fields such as computer vision,
and bridge the performance gap with ANNs. These methods are not limited to
specific neuron models and can be applied across a range of spiking architectures,
supporting the direct training of deep SNNs for real-world applications. As a result,
surrogate gradient learning is widely regarded as a practical and effective solution
for functional SNN training, and ongoing research continues to refine these tech-

niques for even greater efficiency.

4.2.5 Energy Consumption of SNNs

Several studies [140] [I0] report significant energy savings when SNNs are on neuro-
morphic hardware with sparse spiking activity. For instance, Chandarana et al. [140]

show that SNNs can be between 5 and 27 times more energy-efficient than equiv-
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alent feedforward ANNs on tasks like image classification. Conversion-based deep
SNNs have also demonstrated substantial reductions in energy consumption [141],
even though energy savings are often lower than those of directly trained SNN mod-
els because of a higher spike rate. Furthermore, optimisation strategies based on
activity regularisation [142] were shown to further reduce SNN energy consumption

while maintaining comparable accuracy by controlling spike rates during training.

In recent years, the reduction of the energy consumption of SNNs compared
to ANNs has been debated. Research by Davidson and Furber [143] and Lemaire
et al. [10] shows that the energy benefit of SNNs is conditioned by the sparsity
of the spikes of the model. Thus, the energy efficiency of SNNs depends on the
choice of the encoding scheme (i.e., rate coding versus latency coding). Lemaire
et al. [I0] proposed an analytical comparison of the computational cost between
SNN models and their ANN counterparts. To this end, they evaluate the energy

consumption of memory accesses and storage (i.e., input and output buffers) for

the membrane potentials, weights, and biases on CIFAR-10 [144], |[Google Speech|

Commands V2 (GSC] [145], and the Prophesee [Neuromorphic CARS (N-CARS)|

dataset [146]. In addition, they also count the number of synaptic operations. The
results from Lemaire et al. are shown in Table [£.Il These results show that their
SNN models consume approximately 8.19, 6.22, and 8.17 times less energy than their
ANN counterparts on CIFAR-10, GSC, and N-CARS, respectively. These results
were obtained with a spike rate of approximately 10%, highlighting the importance
of SNN sparsity for energy savings. Nevertheless, Lemaire et al. [I0] show that
SNNs can still save a significant amount of energy even when using a rate-based

encoding scheme.
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Table 4.1: Energy consumption estimations of SNNs and ANNs counterparts on
CIFAR10, GSC, and N-CARS from Lemaire et al. [10].

CIFAR10 GSC NCARS

SNN ANN SNN ANN SNN ANN
Memory Accesses (nJ)
Potentials 1.12E+6 - 3.50E+3 - 2.69E+5 -
Weights 4.60E+5 559E+6 1.73E+3 1.46E+4 8.10E4+4 1.11E+6
Bias 2.79E+2 6.97E+1 6.00E+0 3.00E4+0 3.71E+1 7.43E+0
Buffers 7.65E+2 6.09E4+6 3.90E4+1 1.50E+4 2.88E+2 1.54E+6
Total 1.58E+6 1.17TE+7 5.27TE43 2.96E+4 3.50E+5 2.64E+6
Synaptic Op. (nJ) 2.41E+3 1.20E16 4.05E+1 3.53E+3 G6.15E+3 2.67E+5
Addressing (nJ) 1.97TE+2 4.94E+1 9.28E4+0 1.93E40 5.05E+1 7.65E+1
Total (nJ) 1.58E+6 1.24E+7 5.32E4+3 3.32E+4 3.57E+5 2.86E+6
EANN SN 8.19 6.22 8.17

4.3 SNNs for VOT

SNNs have only recently started to be explored for VOT, and the existing literature
remains very sparse compared to ANN-based trackers. Most existing work either
focuses on inputs provided by event-based devices or employ SNNs only for specific
modules, like object detection, instead of building end-to-end spiking trackers. In
the following, we first review previous non-Siamese SNN trackers for SOT, and then
focus on spiking Siamese networks, which are the closest to the spiking SiamFC

models developed in this thesis.

4.3.1 Previous SNN Trackers for SOT

SNN-based SOT [147] has recently emerged as an alternative to conventional ANN

trackers, mainly in event-based vision, where neuromorphic sensors naturally pro-

duce sparse spike streams. In this context, the [Spiking Convolutional Tracking|

Network (SCTN] [147] has been proposed for single object tracking on event se-

quences acquired with [Dynamic Vision Sensors (DVS)| [148], which convert light

directly into spikes by difference of intensity. SCTN takes short segments of events

as input and processes them with a deep spiking convolutional architecture trained
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directly as an SNN; instead of using ANN-to-SNN conversion. This model uses a
temporal integration of events in successive segments to build feature maps, and
predicts the target bounding box at each timestep using a tracking loss that com-
bines localisation and confidence terms, achieving competitive accuracy compare to
ANN tracker such as SiamRPN [147] with a substantially reduced computational
cost and energy consumption on its dedicated benchmark as compared to ANN

models.

In parallel, several authors have focused on spiking architectures for object de-
tection [149, [150} [151], which is a core component of many tracking-by-detection
pipelines. Among them, the Efficient Multiscale Sampling for Real-Time Object
Detection (EMS-YOLO) [151] proposes a fully deep, directly trained SNN detector
that uses surrogate gradients learning and a spiking residual backbone to perform
object localization and classification, avoiding the usual rate-based ANN-to-SNN
conversion and reducing the number of timesteps at inference time. EMS-YOLO
demonstrates that directly trained SNNs can reach performance similar to ANN
detectors on standard datasets while significantly decreasing the estimated energy
usage, which makes these models promising building blocks for low-power tracking

systems.

However, SNNs for single object tracking on conventional RGB video remain
underexplored, and most existing approaches are limited to event-based data [147]
or to using SNNs as isolated components rather than fully integrated trackers [147].
The combination of SNN backbones with ANN-based motion model [152] or associ-
ation modules [152] raises additional questions regarding gradient backpropagation,
training stability, and the design of loss functions that can exploit both spike tim-
ing and appearance information. As a result, there is currently no widely adopted
spike-based SOT framework evaluated on benchmarks such as OTB, LaSOT, or

GOT-10k, and hybrid ANN-SNN designs remain an open research direction to
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leverage both the robustness of conventional visual features and the energy effi-

ciency of neuromorphic computation.

4.3.2 Spiking Siamese Networks for Tracking

Spiking Siamese networks extend the SiamFC family to the neuromorphic domain
by replacing standard artificial neurons with spiking units while preserving the
Siamese correlation paradigm for similarity matching. In this context, only a few
papers [29, 30] have explicitly explored the conversion or training of Siamese-based
trackers as SNNs, and most of them target energy efficiency rather than pushing
absolute tracking accuracy to the current state of the art. These models aim to
maintain the fully convolutional cross-correlation between an exemplar and a search
region while exploiting sparse spike-based computation to reduce the number of
operations during inference.

The first work in this direction is SiamSNN, introduced by Luo et al. [29], which
performs ANN-to-SNN conversion of a pretrained SiamFC model. In SiamSNN, the
convolutional backbone and correlation head are kept structurally identical to the
original SiamFC, but activations are converted into spike trains using rate cod-
ing over multiple timesteps, allowing the authors to estimate energy savings on
neuromorphic hardware without retraining from scratch. This study shows that a
converted spiking Siamese tracker can reach performance close to its ANN counter-
part while significantly reducing the number of multiply—accumulate operations, but
the method remains constrained by the original ANN design and by the conversion
procedure.

More recently, Xiang et al. [30] proposed a spiking version of SiamFC++ [87],
which directly integrates spiking neurons into a more advanced Siamese tracking
framework. Their architecture replaces ReLLU units with LIF neurons and the net-

work is trained using surrogate gradient, enabling end-to-end optimization in the
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spiking domain instead of relying on post-hoc conversion. This work demonstrates
that training a deeper spiking Siamese tracker is feasible and that such a model can
achieve competitive accuracy on OTB-2015 with its ANN counterpart.

This paper on SiamFC++ was published after we started our research on a
spiking version of SiamFC. Although this work constitutes an important first step
toward spiking versions of modern Siamese trackers, its experimental validation
remains limited. The evaluation is restricted to OTB-2015, without results on
larger and more diverse benchmarks such as GOT-10k, which makes it difficult to
fully assess the generalization capabilities of the proposed spiking SiamFC-++ model
beyond relatively short and constrained sequences. In addition, the paper provides
few ablation studies and limited implementation details, in particular regarding
the training schedule (e.g., number of epochs and convergence behaviour), which
hinders the reproducibility of the reported results and makes it hard to disentangle
the contributions of the spiking formulation from other design choices.

In the context of this thesis, a spiking Siamese tracker is evaluated on both
OTB-2015 and GOT-10k using a clearly documented training protocol, with an
emphasis on reproducibility and on analysing the impact of architectural and opti-
mization choices. This contemporaneous work complements the existing literature
by providing a more systematic study of spiking Siamese networks for single ob-
ject tracking and by positioning their performance with respect to both classical

SiamFC models and more recent deep trackers on standard benchmarks.

4.4 Conclusion

Unlike ANNs, SNNs represent and process data through discrete, sparse spike trains,
rather than continuous activations. This property makes them implementable on
dedicated, low-energy neuromorphic hardware. However, SNNs also introduce spe-

cific modelling and training challenges that differ from those of ANNs.
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In this chapter, we introduced the core concepts of spiking neurons, from simple
IF/LIF models to more biologically relevant HH and SRM models. We also pre-
sented the most popular neural coding schemes, rate, latency, and direct coding,
which define how continuous inputs can be transformed into spike trains. We then
reviewed the main training strategies for SNNs, comparing the advantages and
drawbacks of ANN-to-SNN conversion, Hebbian learning, and backpropagation-
based methods, including feedback alignment and surrogate gradients. Finally, we
examined existing SNN approaches for VOT, focusing on spiking Siamese architec-
tures. While models such as SiamSNN and spiking SiamFC++- clearly demonstrate
the feasibility and potential energy benefits of spike-based Siamese trackers, they
provide a limited analysis of the specific challenges that arise when implementing
Siamese trackers with SNNs.

Based on this review, we determined that IF/LIF neurons combined with direct
input coding and surrogate gradient backpropagation would be highly adapted to
the problems developed in this thesis. Direct coding enables the first spiking layer
to learn specialised, rich spike representations useful for VOT, and has been shown
to achieve higher accuracy than rate coding. Surrogate-gradient learning provides
a flexible and robust framework for training deep SNNs end-to-end despite the non-
differentiability of spikes and has repeatedly demonstrated competitive performance
on challenging vision tasks.

Overall, this analysis provides the foundation for designing a spiking tracker.
It gathers the key notions and models in terms of neuron model, neural coding
scheme and training strategy. In the next chapters, we will exploit this groundwork

to construct and analyse the spiking SiamFC tracker proposed in this thesis.
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Chapter 5

Dataset Annotation for
Atmospheric Object Tracking
Using CAMS Reanalysis

VOT of aerosol plumes could provide re-identification and dynamic analysis of
aerosols by enabling researchers in atmospheric sciences to study small events auto-
matically. VOT could also allow an automation of the orientation of instruments of
satellites towards an event of interest, if embedded onboard (see Section , Page
. Aerosol datasets, and in particular AOD [153] datasets, are well-developed in
atmospheric sciences. We choose AOD at wavelength 550nm because it is the most
representative of aerosol impact for the general use case [154], and is largely used in
the atmospheric science literature [7]. For the rest of this thesis, we will write AOD
for AOD at wavelength 550nm. AOD data, such as those provided by CAMS [3§],
come from satellite observations and atmospheric reanalysis products (e.g, dust,
sea salt or total AOD at 550nm). These products provide full spatial and high
temporal coverage (i.e., every 3 hours) of Earth. However, they are not annotated
with the location of atmospheric plumes at each acquisition (i.e., frame), which is

needed for training and evaluating automatic trackers, as discussed in Chapter
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(Page . Consequently, while CAMS provides valuable estimates of aerosol quan-
tities, it lacks some information, such as the centres and sizes of the bounding boxes
around the empirical limits of the aerosol plumes. Despite the importance of plume
tracking, there is not any publicly available annotated VOT dataset of aerosol data
in the literature, to the best of our knowledge.

Motivated by this gap, we present in this chapter the first manually annotated
VOT dataset of aerosol plumes, derived from CAMS reanalysis data and containing
AOD sequences of dust and sea salt plumes. This dataset aims to provide plume

annotations to train SOT trackers on total and by-species AOD provided by CAMS

|[Atmospheric Composition Reanalysis 4 (EAC4)| where plumes are not merging nor

splitting.

We start this chapter by explaining aerosol data acquisition. In Section 5.1}
we describe the CAMS ECMWF products and our species of interest. We
also detail the acquisition period, spatio-temporal resolution, and preprocessing
steps used to facilitate the manual identification and re-identification of aerosol
plumes. In Section [5.2] we explain our annotation process and the criteria used to
determine aerosol plume boundaries. In Section |5.3], we analyse the quality of the
results by comparing the size and intensity distributions of the annotated plumes
with atmospheric statistics on CAMS EAC4 from the literature [5, [6]. Finally,
we conclude and discuss challenges and opportunities for the improvement of this
dataset. In Appendix [A.1] we detail the dataset metadata, its format and its

structure.

5.1 Aerosol Data Acquisition

CAMS provides atmospheric composition forecasting on a global scale. Among the
multiple datasets produced by CAMS from ECMWF, the EAC4 dataset provides

a map of atmospheric components, such as aerosols or gases, over multiple years.
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CAMS EAC4 is built on an assimilation framework (as discussed in Section [2.2.3]
Page that integrates satellite and ground-based observations with prediction
models. CAMS EAC4 delivers a temporal and spatial characterisation of atmo-

spheric conditions from 2003 to the present.

The data assimilation process of EAC4 takes as input observational data (such
as satellite radiances, ground-based sun photometers and in-situ measurements),
model data from previous predictions, and meteorological parameters (e.g., tem-
perature, wind, humidity), as well as previously observed AOD data from sensors,
in order to provide a robust representation of future AOD. The assimilation process
uses the 4D-Var methodology [155]. It provides hourly forecasts of the atmospheric

composition at a global spatial resolution (0.75° by 0.75° of longitude and latitude).

For aerosols, CAMS EACA4 provides both total AOD and by-species AOD (such
as dust, sea salt, black carbon, sulfate, and organic matter). This granularity
allows us to study aerosol sources and trajectories, which is why we chose this
dataset over the others provided by CAMS. EAC4 has been created to be a sta-
ble, homogeneous, and long-term reanalysis dataset, compared to near-real-time or
intermediate reanalysis datasets, which contain many data gaps. EAC4 has been
extensively validated against AERONET sun-photometer observations in the lit-
erature [45]. These studies generally report reduced AOD biases and improved

temporal consistency compared to earlier atmospheric composition reanalyses pro-

duced with the same modelling and assimilation system, such as the

[Atmospheric Composition and Climate (MACC] [156].

Thanks to their reliability and continuity, the CAMS EAC4 reanalysis data have
been highly adopted in the atmospheric research community [45] and are used for
numerous applications, including climate trend analyses [7], air quality forecast-
ing [45], health impact studies [5], and satellite validation [45]. The large period
covered, the multi-component dimension of aerosol characterisation, and assimila-

tion of remote observations make EAC4 a fundamental dataset for environmental
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monitoring and for targeted analyses, such as the VOT of aerosol plumes presented

in this thesis.

5.1.1 ECMWEF CAMS EAC4 Data

The ECMWF data center provides AOD data through the CAMS system and the
EAC4 dataset. AOD is a value without dimension that describes the extinction
(i.e, the absorption) of solar beams by aerosol particles in a vertical column of
the atmosphere. Physically, it measures the integrated attenuation of light due to
aerosol scattering and absorption in the air column (i.e., between the surface and
the top of the atmosphere). Thus, AOD represents the behaviour of aerosols in
the atmosphere. It is essential to understand aerosols and monitor air quality and
climate in general [I53]. Based on Guilbert et al’s work [157], we assume that these
variations in AOD create spatial patterns that are unique for each aerosol plume,

which makes AOD a good candidate to track plumes.
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Figure 5.1: Illustration of the AOD for each species of CAMS EAC4. CAMS
provides five categories of aerosols: dust, sea salt, organic matter, black carbon,
and sulphate.

AOD is illustrated in Figure [5.1, This figure displays the AOD for each species

provided by CAMS EAC4. We observe that dust is present for the most part
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in the Saharian and Gobi deserts (acting as the main sources of dust on Earth),
depending on meteorological events. Dust plumes are well-defined and localised. On
the contrary, sea salt AOD is diffused all around Earth, making it more challenging

to isolate and define plumes.

Mathematically, the total AOD 7(\) at wavelength A is formulated as the in-
tegral over the air column of the aerosol extinction coefficient o.(z, A). AOD has
technically no numerical limits; however, in general, it takes values from almost 0

in clean atmospheres to 1 in highly polluted events. It is defined in Equation [5.1}

T(\) = /000 oe(z,\) dz (5.1)

where z is the altitude. This integral takes into account both scattering and ab-
sorption. The extinction coefficient o.(z, A) at each altitude is defined as a sum
over all aerosol types and their respective size distributions, compositions, and con-

centrations inside the air column.

In practice, AOD can be obtained either from direct measurements, such as
AERONET photometers, or from atmospheric models (e.g., CAMS EAC4). From
measurements, we first obtain the attenuation of direct solar radiation with sun
photometers at several wavelengths, and derive total AOD from Beer-Lambert’s
law [153]. In contrast, in the CAMS EACA4 reanalysis dataset, total AOD is com-

puted with IFS models (see Section m Page .

From photometers, by-species AOD (e.g. for dust or sea salt) can only be ob-
tained indirectly. It requires the combination of AOD measures at multiple wave-
lengths and measurements of the radiance of the sky, and the use of inversion algo-
rithms [158]. It also requires assumptions on aerosol size distributions, shapes and
refractive indices to retrieve an aerosol size distribution. This distribution gives the
contributions of an aerosol species to the total AOD. In CAMS EAC4, by-species

AQOD are obtained directly from the IFS model.
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5.1.2 Preprocessing Steps

The manual annotation of aerosol plumes in CAMS EAC4 is challenging because
of the variance of raw AOD values across time steps. This variance is due to back-
ground AOD variability, and variations from seasonal cycles or extreme atmospheric
phenomena such as volcanic eruptions or forest fires. Therefore, plume patterns of-
ten have low contrast, making it challenging to distinguish their visual delimitations,
which results in potential inconsistencies across annotations. Moreover, the diffuse
nature of plume boundaries further increases this difficulty, as annotators must have
the ability to see small changes in pixel intensities and must not include plumes of
lower intensity detached from the original one, to avoid scenarios of plume splitting
in the training data for the SOT tracker.

To address these problems, we perform two preprocessing steps before manual
annotation. First, for each pixel, we compute the AOD fraction of the specific
species to annotate. The AOD fraction is the ratio between the AOD of a species
and the total AOD. The AOD fraction is defined in Equation [5.2}

AODg(x,y)

AODs4(z,y) = AODy(z,y) -

where AODgg(z, y) is the fraction of AOD for a specific species with respect to total
AOD, AODy(z,y) is the by-species AOD, and AODy(z,y) is the total AOD.

To reduce the visual importance of diluted or old plume remnants mixed with
the background around the main event (see Section , Page , we use the AOD
fraction map. It highlights areas where a specific aerosol species contributes a
large share of the total AOD, so that the most significant plumes of that species
stand out more clearly than in the raw AOD maps (see Figure . Because
the fraction normalises by-species AOD by the total AOD, it is less sensitive to
broad background variations and produces sharper gradients at plume boundaries,

without requiring arbitrary absolute thresholds. This, in the end, helps homogenise
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annotation protocols, as annotators can rely on similar AOD fraction values for

plume identification and re-identification across a sequence.
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Figure 5.2: CAMS reanalysis maps for 1st September, 2020, showing the dust
AOD at 550nm (top), and the corresponding dust aerosol fraction (bottom). The
dust fraction map highlights the relative contribution of dust to the overall aerosol
content.

However, for a fair annotation, we need a fixed intensity distribution from frame
to frame. Despite the advantages of AOD fraction, it can appear saturated on
maps when dust aerosols are the only species in the air column. Therefore, min-
max normalisation is applied to the AOD fraction of each species at each frame in
the sequence to normalize AOD intensities over the sequence. Figure shows an
example of an AOD frame before and after normalisation. At each pixel location

(x,y) of the AOD map, the normalised value is computed as in Equation

AOD(z,y) — min(AOD)
max(AOD) — min(AOD)

AODyorm(z,y) = (5.3)
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where max(AOD) and min(AOD) denote, respectively, the minimum and max-
imum of AOD values within the sequence of AOD frames.

Through this normalisation process, we can annotate frames using the same
referential value across the sequence, by taking only AOD values above 90%. The
species fraction shows the more salient plumes, but normalising it makes the sepa-
ration between plumes clearer (see Figure . Thus, the min-max operation also
homogenises annotation protocols across the sequence by retaining only the purest

aerosol plumes across the sequence.
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Figure 5.3: CAMS AOD maps of dust aerosols for 1st September, 2020, showing
the dust AOD fraction map (top), and the same map after min-max normalisation
(bottom). The normalised map enhances local contrasts and the sharpness of dust
plume boundaries.

Following the conversion to AOD fractions and min-max normalisation, the
resulting AOD map is rendered as a colour image using a colour map, in order to

ease the manual annotation process. Indeed, even though the normalised grayscale
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images already enhance local contrast, human visual perception is more sensitive

to variations in colour than slight differences in brightness [159)].

5.2 Annotation Process

The annotation protocol focuses on labelling successive aerosol plumes frame-by-
frame, maintaining object identities until the object ceases to exist. The decision not
to include the plume of the next frame in an annotated sequence of plumes is based
on both physical and practical considerations. The sequence of an aerosol plume
ends when the plume fades away, splits, or merges. A plume fades away when
it becomes too diluted against the background. Splitting and merging represent
fundamental changes in the re-identification and appearance of the observed objects.
Moreover, for splitting, this event creates inconsistencies in the object definition,
since we need to decide which sub-plumes to track. By ending plume trajectories
when these events occur, the dataset is composed of more consistent trajectories,
but at the cost of not representing these complex plumes in the final dataset. This
results in sequences of variable length.

To summarise, we propose the following protocol to annotate AOD at 550nm of

CAMS EACA4 for VOT.

1. AOD (at 550nm) maps for dust and sea salt are extracted from the EAC4

reanalysis dataset from the CAMS service from ECMWF.

2. Maps are prepared by computing the fraction of AOD by-species (dust or sea
salt), normalising them to min-max, and colourizing them to highlight aerosol

plumes for the annotator.

3. Maps are annotated. We define a bounding box around every visually consis-
tent aerosol plume with AOD values above 0.9 using the previously prepared

maps as the guide. Each plume receives a unique identification number that
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is used to label it across frames. The sequence ends when the plume presents
merging or splitting events, or when the intensity falls below 0.9. The choice
of this threshold has been decided empirically to track the most concentrated

plumes and to discard diffuse background artifacts and plume remnants.

4. A second annotator controls each annotation and corrects it if needed. And
annotations are finally saved in a single file per map, containing the bounding

boxes of each plume and its associated identifier.

5. For SOT trackers, we crop the plumes around the largest area which does not
overlap with any other plume, to make produce sequences containing a single

plume.

To ensure consistency and reproducibility in our annotation process, we use the
LabelMe platform, a widely recognised open source tool [160] providing a graphi-
cal interface for diverse types of object segmentation and tracking (such as masks,
bounding boxes or polygons). The user interface enables the precise spatial de-
limitation of aerosols and the temporal association of plumes across time. For
reusability, we give our annotations the same format as ImageNet VID 2015 [64].
For further details on the format, see Appendix (Page [173). The final dataset
provides bounding boxes for each aerosol species on each sequence. These bounding
boxes can be used either to train a model to track over maps of total AOD or maps

of by-species AOD, since all maps share the same referential.

5.3 Dataset Analysis

This section characterises our manually annotated AOD dataset of plumes coming
from CAMS EAC4. We evaluate the physical consistency through quality control
statistics. These analyses summarise the temporal coverage, class distribution, and

AOD statistics within bounding boxes. In this section, we verify that annotations
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align with the atmospheric science literature on dust and sea salt aerosols to ensure

their suitability for future training and benchmarking of tracking models.

5.3.1 Dataset Properties

The raw data was acquired over a period of two years and four months, encompass-
ing a total of 28 months of observations, from the 1st of September 2020 to 31st
of December 2022. The dataset focuses on two primary aerosol types: dust and
sea salt, with differing temporal coverage and annotation volume for each. For the
dust aerosol, data were collected over 28 months, with an average acquisition rate
of approximately 247 images per month (i.e, one image every 3 hours). This dataset
is composed of 182 annotated SOT sequences, capturing the spatial-temporal dy-
namics of dust plumes. Within these sequences, we annotated 20,837 bounding
boxes, providing detailed spatial coverage for aerosol plume tracking. For the sea
salt aerosol, we cover a shorter period of 5 months, with the same average frame
rate of 247 images per month. This results in 85 SOT sequences annotated for sea
salt aerosol plumes, comprising a total of 7,924 bounding boxes.

Overall, the dataset consists of 267 sequences (182 dust AOD sequences and 85

sea salt AOD sequences) and 28,761 annotated bounding boxes.

5.3.2 Quality Control

In this section, we conduct a quality control of manually annotated bounding boxes,
which is essential to ensure that the dataset can be reliable enough for training and
evaluating object tracking models in realistic settings. We perform several quality
control analyses to check that the annotations of the AOD maps (total or by-species
AOD) from CAMS EAC4 are accurate for size, intensity and evolution. These
controls aim at ensuring that the annotations have physical meaning.

Figure [5.4shows the distribution of the sizes of bounding boxes for dust plumes.

It shows a peak at 3,000km by 1,500km, with a non-negligible amount of outliers
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Figure 5.4: Heatmap of the distribution of the sizes of bounding boxes annotated
on the dust AOD maps over the Gobi and Saharan desert regions. The distribution
peaks correspond to the typical spatial scales of dust plumes observed in CAMS
EAC4 dust aerosol data for these areas [5]. The annotations were realised from
the 1%¢ of September, 2020 to 31%¢ of December, 2022, reflecting realistic plume size
variability over multiple seasons for dust aerosols.

around it. This distribution of dust plume sizes is consistent with observations [5].
This shows that the annotation process matches the natural variability in plume

extent through dust-rich locations such as the Sahara and Gobi deserts.

Similarly, Figure |5.5| shows a peak at 1,500km by 1,000km in height and width,
respectively, for sea salt plumes. Compared to dust, the annotated sea salt plumes
tend to have larger bounding boxes, reflecting their more diffuse origin, and shorter
atmospheric lifetimes. While the literature does not provide explicit statistics for
individual sea salt plume areas, our annotations are consistent with the behaviour of

sea salt aerosols, being concentrated near oceanic source regions and fading quickly,

as described by Bian et al [6].
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Figure 5.5: Heatmap of the size distribution of bounding boxes annotated on
AOD maps of sea salt. Most annotated plumes have moderate horizontal extents,
consistent with the short lifetime and marine origin of sea salt aerosol maps dis-
cussed by Bian et al. [6].

Figure shows the statistics of the distribution of plume areas by species.
It shows that half of the bounding boxes have areas below 3.5 million of km? for
dust and sea salt. Dust and sea salt species have an area of 4 million km? and 7
million km? on average, respectively, which follows the statistics of Silva et al. [5]
for dust. Furthermore, both species display many outliers coming from events such
as storms, which correspond to larger plumes (i.e., larger bounding boxes). It is

consistent with the previous observations from Figure [5.4 and Figure 5.5

The class distribution of our dataset is shown in Figure[5.7] Dust represents the
majority of annotated sequences and frames (i.e., 68.2% and 72.6%, respectively),
while sea salt is less represented (i.e., 31.8% and 27.4%, respectively). This imbal-

ance results from practical time constraints during manual annotation: since dust
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Figure 5.6: By-species statistics of the areas of bounding boxes of groundtruth
plumes. Red crosses represent the mean area, and black crosses represent the outlier
bounding boxes. The statistics for dust agree with the tables provided by Silva et
al. [5].

aerosol plumes are more dense and well-defined [6, [5], we decided to prioritise dust
annotations over a more extended time period (28 months, compared to 5 months
for sea salt) to annotate more sequences in a shorter time. So, the dataset contains
proportionally more dust sequences and frames. Future extensions of the dataset
should include additional annotations of sea salt plumes to improve class balance.

In addition to size distribution, we analyse the global AOD intensities to support
the physical consistency of the annotated plumes further. Figure [5.§] shows the
intensity distribution of the by-species AOD. These statistics have been computed
globally from the values within bounding boxes annotations for dust and sea salt
aerosol plumes. In Figure[5.8] the probability density functions of AOD values have

an inverse exponential shape. This reflects the skewness of atmospheric data toward
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Figure 5.7: Class distribution of the annotated tracking aerosol plume dataset.
The number of sequences (blue bars, left axis) and frames (green bars, right axis)
are shown for dust plumes (28 months) and sea salt plumes (5 months). Percentages
indicate the relative contribution of each class for frames and sequences.

low values. This figure shows that the distribution of aerosols is quite sparse, both
for dust and sea salt. The absence of irregularities in the dust density curve reflects
more episodic events, supported by higher but less frequent values, which agrees
with the literature [5]. Figure shows the box plot of by-species AOD intensities
(mean, median, and quartiles) over the whole dataset. Figure agrees with the
previous observations: it shows that half of the AOD values are below 0.1 and
0.04 for dust and sea salt, respectively. Such distributions align with the expected
distributions of these aerosol types [0, 5] and confirm that the dataset contains both

average and extreme aerosol plume conditions.

Figure and Figure show the seasonal trends (mean and standard devi-

ation) of AOD for dust and sea salt, averaged by month. Dust seasonal trends on
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Figure 5.8: Intensity distribution of the by-species AOD within bounding box
annotations for dust (blue) and sea salt (orange). The distribution follows an inverse
exponential law, expected from aerosols behavior [6, 5]. Most of the values have low
intensities and come from the background. Higher intensities represent events that
are less frequent. The sea salt density curve shows a slight perturbation compared
to dust and gets higher intensity values. This reflects more episodic events and
fewer cyclic and continuous emissions of aerosols.

Figure confirm the presence of episodic events inferred from Figures and
(.9 Sea salt trends in Figure show a lower inter-month variation. Both agree
with the seasonal trends from the atmospheric science literature [5], supporting the

physical relevance of this tracking dataset.

Overall, these quality control analyses confirm that the annotations are physi-
cally consistent with CAMS EAC4 data and ready to be used to be validated as a

realistic training and evaluation dataset for deep learning—based object trackers.
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Figure 5.9: Box plot of the intensity distribution of dust and sea salt by-species
AOD. This figure shows a median of 0.1 for dust AOD and 0.04 for sea salt AOD.
Red crosses represent the mean AOD value, and black crosses represent outliers.

5.4 Limitations and Future Work

While providing a valuable resource for training trackers to track aerosol plumes of

multiple species, this dataset shows some limitations.

« The diversity of the aerosol species in the dataset is limited (only dust and
sea salt plumes have been annotated, out of the five species contained in
CAMS EAC4). Furthermore, the annotated sequences capture plumes that
are characteristic of specific regions, such as the Gobi or the Sahara Desert,
for dust aerosols. This could limit the number of cases seen by tracking
models, which could, in the end, impede the accuracy of the tracker in real

use cases. In order to solve this limitation, additional annotation efforts are
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Figure 5.10: Seasonal trends of the mean by-species AOD for dust plumes from
the 1st of September, 2020 to 31st of December, 2022. The graph shows the mean
(curve) and standard deviation (bars) for each month. These trends agree with the
climate statistics provided by Kunchala et al. [7].

required. Future annotation work on sea salt, dust or other species can follow

our annotation protocol.

o The resolution of CAMS reanalysis data is relatively low, which can degrade
the texture of aerosol plume observations. Moreover, this coarse resolution
could lead to the missed detection of more complex plume features or poten-
tially reduce the precision of the annotations of plume boundaries, affecting
the overall precision of the final dataset. For example, plumes of size less than
0.75° by 0.75° in latitude and longitude do not appear on maps. To address

this limitation, future work should include some efforts in the annotation of

datasets of higher resolution, such as the MODerate resolution Imaging Spec-|

froradiometer (MODIS] [154] for total AOD colocated with AERONET [153].
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Figure 5.11: Seasonal trends of the mean by-species AOD for sea salt plumes from
the 1st of September, 2020 to 31st of January, 2021. The graph shows the mean

(curve) and standard deviation (bars) by month. These trends align with those of
Aldhaif et al. [§].

This combination of datasets offers a spatial resolution of 0.1° by 0.1° but has

a lower temporal resolution (two acquisitions per day), which is why we chose

to work with CAMS EACA4 for tracking.

o Atmospheric and meteorological variability influences the visual properties
of aerosol plumes. Variations in humidity, cloud cover, and boundary layer
height (i.e, the height of the lowest air layer directly influenced by the surface,
where most aerosols are concentrated) for different aerosol species or gases
can affect the properties of AOD and its acquisition. While we selected a
long observation period from September 2020 to December 2022 to capture
seasonal and interannual variability, this dataset remains limited in capturing

extreme aerosol plume events. To capture such events, future work should
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be focused on locating such events specifically, to integrate them into our

dataset.

These limitations pave the way to further improvements of our dataset.

5.5 Conclusion

In this chapter, we presented an annotated dataset for VOT of aerosol plumes
based on the ECMWFE CAMS EAC4 reanalysis AOD dataset. To the best of our
knowledge, this is the first VOT dataset for aerosols. While CAMS provides reliable
information on AOD at a global scale, CAMS EAC4 does not include plume tracking
metadata such as object boundaries or trajectories. This contribution fills this
gap by introducing bounding box annotations that identify aerosol plumes through
sequences for two aerosol species, dust and sea salt.

To ensure the accuracy of the dataset, we used a preprocessing pipeline based
on aerosol fraction maps and min—max normalisation to enhance plume contrast
before annotation. We designed an annotation protocol to stop the sequence when
a plume is too diffuse (i.e, confused with background noise) or when merging or
splitting events occur. Several quality control analyses were presented, including
size statistics, class distributions and intensity statistics such as AOD intensity
histograms, box plots and monthly trends. All of these statistics of our manually
annotated dataset align with the physical properties of aerosol events in CAMS
EAC4 [6l, 5]. Importantly, the imbalance between the number of annotated frames
of dust and sea salt classes comes from annotation time constraints rather than
misrepresented atmospheric properties.

This dataset gathers 267 sequences, which represent more than 28,761 anno-
tated aerosol plumes bounding boxes, organised in a structure compatible with
standard VOT benchmarks. It provides a valuable resource to train, evaluate, and

benchmark object tracking algorithms in the context of atmospheric science, en-
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abling the machine learning and computer vision community to address challenges
associated with diffuse, deformable, and evolving objects such as aerosol plumes.
Despite the advantages offered by this dataset, it remains limited in terms of
representation of aerosol species, the amount of annotated sequences for sea salt,
and it is based only on the CAMS EAC4 dataset, which has a lower resolution
than MODIS coupled with AERONET. To address these limitations, future work
will have to expand annotations to remaining species provided by CAMS EAC4
(i.e., black carbon, organic and sulphate) and improve the variability of annotated
regions to capture extreme events. Nevertheless, the dataset constitutes a first
step toward the development of an automated tracking of aerosol plumes using
reanalysis and satellite data. It opens new opportunities for both atmospheric
science and computer vision research, linking environmental monitoring needs with

modern deep learning-based tracking methods.
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Chapter 6

Spiking Siamese Tracker for VOT

VOT is a task in computer vision that aims to re-locate a targeted object through
a sequence of images. VOT has seen significant advancements in recent years due
to its applications in surveillance, autonomous driving, and human-computer in-
teraction (see Chapter , Page . These trackers are now able to achieve high
performance under various challenges, such as occlusions, background clutter, or

fast motion.

As deep learning gained prominence in computer vision, researchers developed a
new deep learning architecture, called Siamese networks [161]. This architecture has
been adapted for VOT and improved trackers significantly [87]. The first Siamese-
based network tracker, called the [4], learns a similarity function between
the target object and candidate regions in subsequent frames (see Section m
Page [64)).

Despite their success in VOT, SiamFC ANN [4] consumes a significant amount
of energy both during training and inference because of its ANN backbone [162],
making it unsuitable for embedding in external devices. Described as the third gen-
eration of neural networks, SNNs [22] process information through trains of spikes,
offering efficient computation and energy savings when deployed on dedicated hard-

ware [162] (see Chapter [4 Page [73)).
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However, using SNNs introduces new challenges to Siamese trackers. First, it
requires handling a supplementary temporal dimension, in addition to the temporal
dimension of the sequence of frames, due to the encoding of data as spikes. This
additional temporal spiking dimension presents a new challenge, as Siamese-based
trackers require perfect synchronisation between the spike train features extracted
from the inputs [163]. Another challenge is the adaptation of pooling layers to
SNNs, which is a highly discussed topic [164], and, to the best of our knowledge,
has not found a definitive answer. Lastly, a representation in spikes needs to be

defined, as no common ground has been established yet for spiking Siamese-based
trackers (see Section Page [28).

Thus, we propose a novel approach to spiking Siamese-based trackers, which uses
a mechanism to synchronise thresholds between the two branches of a Siamese net-
work. This threshold synchronisation increases training stability through threshold
adaptation while maintaining the synchronisation of spike trains required between
the branches of the Siamese tracker. Then, we choose to compute the similarity
measure with an asymmetric accumulation of spikes between the two branches, ac-
cumulating spikes in the instance branch where we search for the object. To the
best of our knowledge, this method has not been reported in the literature for spik-
ing Siamese-based trackers. It can save energy by reducing the number of spikes
transmitted to the similarity operator, while performing slightly better than accu-

mulating in the branch of the object being searched. We refer to this method as

[Temporally Weighted Spike Count (TWSC)| correlation and demonstrate its effec-

tiveness in terms of stability and convergence.

In addition, we assess different spike encoding mechanisms, latency coding [165]
and direct coding [41], and show that direct coding appears to be the most success-
ful spike encoding strategy. The coupling of direct coding with the synchronisation

of thresholds makes the model learn a better spiking representation of colour im-

ages [166]. Lastly, we use [Temporal Efficient Training (TET)| [I67] on a spiking
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Siamese-based tracker to compute the error at each timestep. It provides better
feedback to the weights of our spiking SiamFC model.

In this chapter, we first introduce the baseline SiamFC ANN architecture in
Section [6.1] We then describe our spiking SiamFC architecture in Section [6.2] in-
cluding its neural coding mechanism (Section , synchronized threshold adap-
tation (Section, backbone architecture (Section, spike rate pooling layer
(Section , TWSC similarity function (Section , and training procedure
(Section . In Section , we present our experiments and analyze our exper-

imental results. Lastly, we discuss our results in Section [6.4]

6.1 Baseline: SiamFC ANN

As mentioned in Section [3.5.4] (Page [64), SiamFC ANN aims to create a universal
correlator by learning a similarity function and sharing weights across branches for
each layer. Equation 6.1 provides the definition of the similarity function of SiamFC

from Bertinetto et al [4]:

y=f(z,2)=0(z)*o(x)+b (6.1)

where * is the cross-correlation operator, y is the output similarity map, z €
RH=xW:xC g the exemplar image fed to the examplar branch (with H., W,, and
C being the height, width, and number of channels of the examplar image, respec-

x € RIE=WaxC g the instance image fed to the instance branch (with H,

tively),
and W, being the height and width of the instance image, respectively), b € R is
a similarity margin parameter which shifts all values in the output similarity map
to center the distribution of the output similarity map, so that it is compatible
with the logistic loss [95], and ¢ is the feature extractor model (usually, an AlexNet

backbone).

SiamFC is trained by computing a logistic loss between the output similarity
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scores map y and a generated groundtruth similarity score map ¢ with a fixed-sized

area representing the center of the object in the instance image. g is defined in

Equation [6.2}

A +1, (. —i)2+(G.— 72 <R
Yij = (6.2)
—1, otherwise
with (4., j.) the center of the bounding box associated with the object to track, (i, j)
a location in the groundtruth similarity map ¢, 9;; the value of y at location (4, j),

and R a radius parameter controlling how much spatial context around the centre

of the object is treated as a correct position.

From this, we can compute the logistic loss defined in Equation [6.3}

H, W,

Ly.g) =Y Biylog(lL+evilu) (6.3)

i=1 j=1
and
1 A

1 N —
v Yii=—1

where L is the logistic loss, y;; is the predicted similarity score at position (i, j), y;; is
the value at position (4, j) of the similarity groundtruth map g, and f3;; are balancing
weights to equilibrate negative and positive similarity scores (i.e., equilibrate the
scores from the background and the object location). H, and W, are the height and
width of the output map, respectively. M and N are the total number of positive
and negative values in the groundtruth map, respectively. Since background is
often overly represented, this loss makes the network assign more weight to positive
similarity scores (where the presence of an object is detected) and less weight to
negative similarity scores (where the object is absent).

The authors use ImageNet Video 2015 [64] for training. They select pairs of

exemplar and instance images for each sequence, following a uniform distribution
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Figure 6.1: Overview of our spiking SiamFC model. x is the instance image, z is
the examplar image, and v is the backbone.

for the selection of each frame within a sequence. These images are then cropped,
around the bounding box for the exemplar image, and to twice the size of the
bounding box of the object for the instance image. After cropping, images are
padded to a square shape and resized to 127x127 and 255x255 pixels, respectively.

The padding step prevents distortions during resizing.

6.2 Proposed Spiking SiamFC

The overall architecture of the proposed spiking SiamFC tracker is provided in Fig-
ure[6.1] First, we describe the neural coding strategy used to generate spiking inputs
(Section [6.2.1)). We then introduce the synchronised threshold adaptation mecha-
nism between the Siamese branches (Section and the backbone architecture
used as spiking feature extractor (Section . Next, we present the spike rate
pooling layer, which performs spatial downsampling in the spiking domain (Sec-
tion and our TWSC (Section . Finally, we detail the training procedure
based on surrogate gradient backpropagation (Section .
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Figure 6.2: Direct coding of an input image.

6.2.1 Neural Coding

Direct coding [41] consists of directly providing the RGB image to the first spiking

layer (see Figure . In our model, we feed input images directly into the first

|Convolutional Spiking layer (SConv)| of each branch. This layer is composed of

convolutional IF neurons with soft reset, see Equation (Page , and their
weight are shared between the two branches. In this configuration, the network
learns the spike encoding of the pixels.

However, direct coding has some drawbacks. Since the same image is presented
at each timestep, neurons in the first layer receive a constant input and tend to gen-
erate regular, periodic spike trains. In practice, the resulting spike trains contain
redundant periodic spikes. In a Siamese tracker, this redundancy is problematic
since the similarity function uses spiking feature maps from the exemplar and in-
stance branches extracted from the same backbone. When computing the similarity,
these periodic spike trains may reinforce the spatial match between the two inputs
even when their actual similarity is low. This problem reduces the discriminative
power of the spiking Siamese tracker by increasing the correlation values at erro-
neous locations. To counteract this effect, we introduce a synchronised threshold
adaptation mechanism between the two branches (see next section) to allow a dy-
namic evolution of the threshold across time and, in the case of spike encoding,

allow the first encoding layer to provide more temporally diverse and sparser spike
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trains, which may lower energy consumption, as Lemaire et al. [I0] have shown that

decreasing spike frequencies can lower the energy consumption of SNNs.

6.2.2 Synchronised Threshold Adaptation for Siamese Net-

works

As mentioned in Section [6.2.1] we define a new method for synchronizing the thresh-
old adaptation of membrane potentials within a Siamese network, which allows the
branches to share their threshold at each layer. We first set a constant initial
threshold for each layer of the backbone. The adaptation of the threshold is done
by integrating the post-synaptic spikes to compute the post-synaptic spike rate,
then decreasing or increasing the threshold accordingly after every time step, like

in [168]. It is defined in Equation

6(t) = = (Buaee — 0t — 1)) + Bpue - S'(8) (6.4)

S
with

ebase S el(t) S 1

where 0'(t) is the threshold of layer [ at time ¢, 6'(t) € [0,1], Opase is the initial
threshold value (fpase € [0, 1]), 75 is a positive time constant (75, > 0) that controls
the threshold adaptation, and S'(¢) is the average spike rate at layer [ at timestep
t. 0" is defined per layer (i.e., one @' for all neurons in layer ).

At the end of each time step, the threshold is updated as the mean of the
threshold of the two branches, and reset to 0.5 at the end of each training iteration.

The threshold synchronisation between examplar and instance branches is defined

in Equation

OL(t+1) =0t +1) = % (6L(t) + 6.(t)) (6.5)

121



Pooling (2x2)
Conv (5x5)
Conv (3x3)
Conv (3x3)
Conv (3x3)

=
—
X
-
N
>
-
o
)

Figure 6.3: Backbone ¢ of our model. This backbone is an adaptation of
AlexNet [9] used in SiamFC ANN from Bertinetto et al. [4].

where @ is the threshold from the exemplar branch, and 6. is the one from the

instance branch, for a layer [.

6.2.3 Backbone Architecture

Figure|6.3[shows the backbone used in our tracker. For the feature extractor model
1, we use AlexNet [9] as a basis, like in the SiamFC ANN from Bertinetto et
al. 4], and replace the convolutional layers with convolutional spiking layers and
the pooling layers with spike rate pooling layers(as defined in Section . Our
convolutional spiking layer use the soft reset IF neurons described in Section [4.1.]]

(Page [75). Further details on the backbone hyperparameters will be given in Ta-

ble [6.1] (Page [135)]).

6.2.4 Spike Rate Pooling

Unlike the original AlexNet backbone used by Bertinetto et al. [4], we need to
adapt the pooling operation to process spikes. LIF pooling [169] integrates spikes

over time by first applying average pooling, and then feeding the result to an LIF
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neuron, which introduces additional weights and a membrane potential that accu-
mulates across timesteps. In our case, we want pooling to remain a simple spatial
downsampling step that does not add extra temporal dynamics, to make it a sim-
ple spiking equivalent to pooling in ANNs. We therefore define a spiking pooling
layer that directly combines average pooling with a thresholding operation. This
design makes the pooling layer emit a spike when the average pooled value crosses
a threshold 6, without learning new weights and without accumulating a mem-
brane potential over time. As a result, pooling uses only presynaptic spikes at the
current timestep, which reduces the computational burden, preserves sparsity, and
maintains the local spatial spiking patterns extracted by the previous convolutional

spiking layers. It is defined by Equation [6.6}

kn/2 Euw/2

ﬁij_kh;k Z Z Mi-sp+1u,j-s0+v (6.6)

w u=—kp/2 v=—kw/2
and

o _ 0 if pij < Qp,

ij
1 if p; >0,

where p;; is the value at position (i, j) after average pooling over a window of size
kpn, % ky, n;; is the input spike map at position (7, j), s, and s,, are the vertical and
horizontal stride, respectively, 0, is the threshold, and Sfj is the value of the output

spiking feature map at position (i, j).

This thresholded spiking average pooling layer allows output spiking feature
maps to be reduced spatially while providing binary spikes as output instead of

continuous values like standard average pooling, so that its output can be processed

directly by the rest of the SNN.
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6.2.5 Similarity Function

Like in SiamFC, our model learns a similarity function between the outputs of the
two branches. The classic cross-correlation operator defined in Section (Equa-
tion , Page assumes feature maps with real values. In our spiking setting,
however, each feature map is a sparse binary spike map. A classic cross-correlation
operation between two spike maps only produces a significant response when spikes
from the examplar and the instance branch occur at exactly the same time step and
position. Because spikes are sparse, such exact synchrony is rare, so the resulting
correlation output is almost always zero and does not provide a reliable similarity
measure. Therefore, we must modify the cross-correlation operator to tolerate tem-
poral misalignment between spikes. Thus, motivated by the work of Luo et al. [29],
we define a new similarity function called [TWSC| In TWSC, we accumulate spiking
instance feature maps over timesteps. We apply this temporal accumulation only
on the instance side because the instance image covers a larger search region and
therefore contains much more background than the exemplar patch. As a result,
the instance feature maps are more prone to spike-time jitter and spike artifacts
caused by background structures. Temporal accumulation on the instance branch
averages out these unstable spikes and stabilizes the similarity score, while keeping
the exemplar feature maps unaccumulated preserves fine spatial spiking represen-
tation of the target examplar image, important for comparing the target examplar
representation to each instance sub-region. This accumulation at the end of the
instance branch does not include a leaky term, to retain the maximum amount of

temporal information. Our TWSC similarity function is defined in Equation [6.7}

Stwsc(z, x,t) = (2, t) x 7(x,t) (6.7)
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with
¢

(. t) =Y v(z,k) (6.8)

k=1
where Stwsc(z, 2, t) is the output similarity score map at time ¢, ¥ (-, t) is the output
of the spiking feature extractor at time ¢, z is the input examplar image, 7(z,t)
is the accumulation of spikes from time steps 1 to t at the output of the instance
branch, and z is the input instance image. After computing each similarity map
Stwsc(z, x,t) at each time step until ¢, we sum these maps over time to generate
the final response map and locate the object. This operation is defined in Equation

0.9¢

ye = fl,2,t) =Y Srwsc(z, 7, k) (6.9)

k=1
where Stwsc(z, x, k) is the temporally weighted spike count at time &, and y, is the
predicted feature map accumulated from 1 to ¢.

This method allows the model to predict the location from the sum of similar-
ity score maps across timesteps, which allows for reducing spike noise in the final
location prediction after the bilinear interpolation step. This interpolation step is

identical to the one SiamFC ANN from Bertinetto et al. [4] (for further details, see

Section Page |117)).

6.2.6 Training

To train our spiking SiamFC, we need to define a cost function adapted to the
dynamics of the accumulated similarity score maps (see Equation . Our loss is
composed of two terms, a classification term £ and a regularization term R. The

total loss is defined in Equation [6.10}

Lioar(X,y,9) = L(y, 9) + R(X) (6.10)
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where X is the input batch, y the output similarity map and ¢ the groundtruth
similarity map defined as in Section [6.1] (Equation [6.2] Page [118).

For the classification loss, we choose to use |Binary Cross-Entropy (BCE)| [L70]

at each time step, inspired by the TET [171] framework. However, since the back-
ground occupies a larger area compared to the object of interest in the region where
we search for the object, we also need to balance this loss function in the same man-
ner as in Equation (Section , Page . Thus, we define a balanced temporal

BCE, expressed in Equation [6.11}

Ny, T

L9 = —Bulinlogym + (1 — gn) log (1 — yn)] (6.11)

n=1 t=1

where N, is the batch size, T' is the number of steps, (3, is the balanced weights
for the n-th sample of the batch, as defined in Equation [6.3] , is the groundtruth
map for the n-th sample of the batch, 1, is the similarity response map at time ¢
for the n-th sample of the batch, as defined in Equation of our model.

For the regularization term, to maintain a sufficient spike rate and avoid the
dead neuron problem [39], we add a spike rate regularization term [39] to our total

cost function. This spike rate regularization is defined as:

> ((X) = p)? (6.12)

=1

R(X) =

SIS

Ny T Q

P = 5 2 3 D Shalt)

n=1 t=1 m=1
where R(X) is the spike rate regularization term, X is the input batch of data,
N, is the batch size, T is the number of time steps, Q' is the number of neurons
(or spatial positions) in layer [, S! . is the spike of neuron m in layer [ at time ¢
for sample n, p! is the mean firing rate of layer [ (averaged over N,, T, and Q'),
L is the number of layers, and p is the target firing rate, which is a manually set

hyperparameter.
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Now that we have defined the cost function of our spiking SiamFC, we can apply
backpropagation using the surrogate gradient method [39] to the branches of the
model. Spikes are not differentiable since the threshold of a spiking neuron acts as
a Heaviside step function. Therefore, classic backpropagation cannot be applied. A
solution, as described in [40], is to replace the Heaviside function with a continuous
one during the backward pass. We decide to use the sigmoid function as a surrogate

activation function, defined in Equation [6.13}

o(e) = : (6.13)

where € is an input value, € € R. Its derivative (i.e., the surrogate gradient function)

is given by Equation [6.14}

=o(e) (1 —o(e)). (6.14)

The surrogate function is used in BPTT [172] on the unrolled SNN graph of
spiking SiamFC. Figure shows a schematic of the unrolled graph of spiking
SiamFC. Since the computation of the gradient is similar to that of RNNs, we can
use the chain rule to compute the error of each neuron. To apply the gradient

descent algorithm, we need to compute the global loss, which, in the case of SNNs,

is given by Equation |6.15'
L = OL
G NI (6.15)
oW = oW

Unrolling the spiking SiamFC architecture (see Figure , we obtain Equa-

tion
3£t . aﬁt aT(.ﬁU,t) 4 8,6,5 81&(2,1&)
oW Or(x,t) OW op(z,t) OW

(6.16)

where L is the loss function, W are the weights of the model, af(itt) = Corr <g—§z, (=, t))

'For clarity of notation, we omit the parameters of £;, and write only its time index ¢ in the
derivations.
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Figure 6.4: Unfolding and chain rule computation of our model for surrogate
gradient backpropagation, showing the error gradients across multiple time steps.
The left-hand part represents the unfolded computational graph with the output
gradients. The right-hand part shows the computation of the similarity with its
gradient.

is the adjoint operator [173] (i.e., the linear operator that maps gradients from the
output of a layer back to its inputs) of the instance branch, Corr is the correlation
operator, and 85‘? o = Corr (g—Z,T(x,t)) is the adjoint operator of the exemplar
branch. We denote by Corr(a,b) the cross-correlation between two feature maps a

and b (i.e., the operation that slides a over b and computes a sum of element-wise

products at each spatial position). Corr is defined in Equation [6.17}

Hy)2 W, )/2

Corr;j(a, b) Z Z Qs Hy J2,0+ Wi /2 Vi jo (6.17)
u=—Hy /2 v=—W,/2

where Corr;; is the value of the cross-correlation at position (4, j), H, and W, are the
height and the width of the correlation window, respectively. The cross-correlation
is a linear operator [173] whose gradient with respect to each input is given by the
cross-correlation between the gradient of the loss and the feature map from the

opposite branch. Lastly y; is the output map at time ¢, as defined on Equation
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on Page [125]

Since 7(z,t) is the accumulated spiking feature maps without decay, we can

define its derivative with respect to the weights as:

(6.18)

If we substitute Equation [6.18 into Equation [6.16], we obtain Equation [6.19}

oL, L, — (k)
W Corr (a—yt,w(z,t)) . <Z T )

k=1
@Ct 01/)(2, t)
+ Corr (ayt ,7(x, t)) e (6.19)

Thus, by combining Equations [6.15 and [6.19] we get the complete gradient

formula (Equation [6.20)):

oL & oL, ~ 9Y(x, k)
PTG ; {Corr (a—%,zb(z,t)) 2o )
+ Corr <g—§;,7(:¢,t)> : 81/;(;/,15) (6.20)

Equation makes explicit the temporal credit assignment performed by back-
propagation through time in our spiking SiamFC. Because we supervise only the
final output of the unfolded network (see Figure , the gradient g—iﬁ is non-zero
only at the last timestep. Nevertheless, this signal is propagated backward through
all preceding timesteps via the accumulated representation 7(z,¢) and the inte-
gration over m in Equation |6.20, Finally, since the weights are shared between the
exemplar and instance branches, the total gradient with respect to W is obtained by
accumulating the error contributions from both branches. The full training pipeline

is outlined in Algorithm [I}
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Algorithm 1 Training algorithm for spiking SiamFC.

1: Initialize model parameters W

2: Set number of epochs F

3: Set number of time steps T’

4: for each epoche=1,2,..., F do

5 for each batch of training data N, do

6 Draw a pair of exemplar and instance images (respectively z and z) from

a sequence.
: for each time stept =1,2,...,7T do

8: Compute ¥(z,t) (Eq. |6.7))

9: Compute ¢(x,t) (Eq.

10: Add Y(z,t) to 7(z,t) (Eq.

11: Compute Stwsc(z,ey (Eq. 6.7)

12: Compute 6,(t) (Eq. [6.4)

13: Compute 0, (t) (Eq.

14: Compute the mean between 6,(t) and 0,(t) and update the threshold
(Eq. [6.5).

15: end for

16: end for

17: Compute the balanced binary cross-entropy loss £ over all time steps ¢ (Eq.
6.11))

18: Compute % (Eq. 16.20))

19: Update parameters

20: Evaluate the IoU of the model on the validation set

21: if The validation IoU does not improve for P consecutive epochs then

22: Break

23: end if

24: end for

130



6.3 Experiments

In this section, we present an evaluation of our spiking SiamFC tracker. We start
by describing the datasets used for training and benchmarking in Section [6.3.1]
followed by the evaluation metrics in Section [6.3.2 Then, we introduce the evalua-
tion protocol in Section |6.3.3, and the implementation details in Section [6.3.4, We
present and analyze the experimental results in Section [6.3.5] Finally, we perform
an ablation study (Section to analyse the impact of the following contri-
butions: synchronised threshold adaptation, asymmetric spike accumulation, and

direct coding.

6.3.1 Datasets

In order to make a fair comparison of our method to the original SiamFC from
Bertinetto et al. [4], we evaluate our Spiking SiamFC model on the OTB-2015 [42]
datasets (which includes OTB 2013 [78]), and on the GOT-10k [43] dataset.

OTB is a widely used dataset and evaluation protocol for visual object track-
ing. This dataset contains 100 sequences of single objects to track. Each sequence
in OTB consists of a single object annotated by a bounding box at every frame.
Sequence lengths vary across sequences, ranging from 71 to 5,288 frames, with an
average length of around 600 frames. The frames have a variable resolution between
240 by 320 and 1080 by 1920 pixels. The objects tracked in OTB are not classified
into categories. Each sequence is annotated with one bounding box and features
some classical challenges of visual object tracking, such as occlusions, illumination
changes, background clutter, or scale changes.

GOT-10k is a large-scale and diverse benchmark dataset designed for SOT.
It contains 10,535 video sequences with 563 classes, making it one of the most
extensive VOT benchmarks available. Sequences are annotated with one bounding

box at every frame. Sequences vary in length, with an average sequence length of
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300 frames, ranging from a few dozen to a few hundred frames, with an average
length of around 150 frames. Frames have multiple resolutions, ranging from 480 by
270 to 1920 by 1080 pixels, reflecting real-world conditions. The dataset includes
a wide range of object categories, such as animals, vehicles, humans, and multiple

everyday objects.

6.3.2 Evaluation Metrics

As introduced in Section (Page , the primary metrics used to evaluate track-
ing performance in VOT are the success rate and the precision rate. The success
rate is a metric derived from the IoU, and measures the ratio of successfully tracked

frames given an overlap threshold (Equation [6.21):

F
1
SR(QIOU) = F ; 1 [IOUk Z QIOUL (621)
with:
B.NB
IOUk = | i i Ak |
| Br, U By, |

where SR is the success rate, and 0,y is the threshold on the overlap between
the two areas. By and B, are the predicted and ground truth bounding boxes at
frame k, respectively; F'is the sequence length, 1[-] is the indicator function, which
equals 1 if the condition is true and 0 otherwise, | -N- | is the intersection operator,
and | - U - | is the union operator.

The success plot is obtained by computing the average success rate over all
sequences for thresholds ranging from 0% to 100%. From this curve, we deduce the
which is used as a single score to rank trackers.

Precision is defined as the percentage of frames where the Euclidean distance
between the center of the predicted bounding box and the center of the groundtruth

bounding box is within a specified threshold. Precision is defined in Equation [6.22}
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P(0,) = 7 > 1[ller — éxll2 < 6], (6.22)

1 E
k=1
where P(6,) is the precision score at the threshold 6,, ¢; and ¢, are the centers

of the predicted and groundtruth bounding boxes, respectively, at frame k; 0, is

the threshold on the distance, F' is the sequence length, and 1[-] is the indicator

function.

6.3.3 Evaluation Protocol

Our tracker is trained on ImageNet VID 2015 [64] following the same training
protocol as the original SiamFC paper (see Section , Page , using the 4,417
videos that we decompose into 10,696 sequences of 152 frames on average. We
follow the standard splits of ImageNet VID 2015 into training, validation, and
test sets. We use the training and validation sets for our training and validation
phase, respectively. The training set contains 3,862 videos, while the validation
set contains 555 videos. We filtered out sequences containing fewer than 10 frames
to ensure that the model always learns from objects with sufficient motion speed.
For each sequence, two frames distant in time by at most 50 frames are sampled
following a uniform distribution. The earliest frame is cropped around the bounding
box of the target object to produce the examplar image. The other frame is cropped
around the bounding box of the target object, but with dimensions twice the ones
of the bounding box, to produce the instance image. These cropped images are
then padded to a square shape (using their respective mean colour) and resized to
127 x 127 and 255 x 255 for the examplar and instance images, respectively. After

the training phase, we evaluate our spiking SiamFC tracker using the standard

[One-Pass Evaluation (OPE)| protocol [42], which is widely adopted in the VOT

literature. In OPE, the tracker is initialized with the ground-truth bounding box

on the first frame of each sequence and then runs forward until the last frame
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without any re-initialization or correction after failures. This setting measures how
well the tracker can continuously follow the target over the entire sequence, and all
performance metrics (e.g., success rate and precision) are computed over this single
pass for each sequence. Due to the prohibitive training time of our spiking SiamFC,

we report results from a single training run for this comparison.

6.3.4 Implementation Details

During training, we minimize the loss defined by Equation [6.11, The parameters
are initialized with a normal distribution A (0, 1) following the Xavier scheme [174].
We train the network for a maximum of 1000 epochs and monitor the validation
loss at each epoch. In practice, in order to observe the learning stability, training
is not stopped early, but we select our final model as in early stopping: we keep
the model at the epoch at which the validation IoU first reaches a plateau. This
plateau is found when no further improvement on IoU occurs over the next 50

consecutive epochs. In practice, this plateau typically occurs after roughly 120

training epochs. We use the |[Adaptive Moment Estimation (Adam)|optimizer [175]

with an exponential scheduler [176] decreasing the learning rate by a factor + after

each epoch. v is defined in Equation [6.23}

Qfinal %
= 6.23
7 ( Uinit, ) ( )

where agna is the minimum learning rate, ajni; is the initial learning rate, and FE is

the number of epochs. After an extensive search, we found that our model starts
to converge at an initial learning rate of learning rate of ay,;; = 0.0005. We set the
final learning rate agn,.a to 0.00001. The time constant 7, is set to 5. We define
the mini-batch size as N, = 64 samples. The kernel sizes, numbers of filters, and
the initial thresholds of each layer are provided in Table [6.1] We set the number

of time steps to T" = 5 matching the period used in SiamSNN [29]. This number
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of timesteps offers a good trade-off between tracking accuracy and computational
cost. Finally, the threshold of Table for SCONV and spike rate pooling layers
has been selected to match at least a target spike rate p = 10% of the spike rate in
the first five epochs in each layer, in order to prevent the dead neuron problem.

In this chapter, we reproduce the experiments from Bertinetto et al. [4] on OTB-
2015 to get the evaluation metrics of SiamFC ANN on this dataset, but without
introducing 25% of grayscale images in the training set, unlike Bertinetto et al. [4].
Experiments in this chapter have been done on a single run, which is a common
practice in the tracking community [3, 4, [177]. For the spiking SiamFC model
equipped with all of our contributions, we trained 10 models and report the results

of the one with the highest validation IoU.

Layer type Kernel size | Number of | Stride” Threshold™
filters

SCONV 11x11 96 2 0.03

Pooling 3x3 96 2 0.2

SCONV 5xH 256 1 0.05

Pooling 3x3 256 2 0.2

SCONV 3x3 384 1 0.05

SCONV 3x3 384 1 0.05

SCONV 3x3 256 1 0.05

Table 6.1: Details of the backbone . Convolution layers are two-dimensional
spiking convolutional layers equiped with our synchronized threshold adaptation
(see Section [6.2.2) Page [121)), and pooling layers use our spike rate pooling layer

(see Section [6.2.4] Page [122)). * same in both dimensions. ** threshold is Opase for
convolutional layers and ¢, for pooling layers.

6.3.5 Benchmark Evaluation

In this section, we compare the tracking performance of our spiking SiamFC to the
original SiamFC ANN baseline [4], 43] on the OTB-2015 and GOT-10k benchmarks.
We report the success plots, the precision plots, and their AUCs under the standard
OPE protocol.

Figure shows the success rate plots and AUCs of our spiking SiamFC and
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Figure 6.5: Success plot and precision plot for OPE of spiking SiamFC on
the OTB-2015 benchmark (values in legends are AUC scores). Values of
the SiamFC ANN have been obtained by training our own SiamFC ANN, following
the protocol provided by Bertinetto et al. [4] (except for the conversion of 25%
of the training set to grayscale). (a): Comparison of the success rate across the
whole overlap threshold range between our spiking model and the original SiamFC
from Bertinetto et al. [4]. (b): Comparison of the precision rate across the whole
overlap threshold range between our spiking model and the original SiamFC from
Bertinetto et al. [4].
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the original SiamFC on OTB-2015. Results show that our model has a lower per-
formance than its ANN counterpart (an AUC of 0.347 for spiking SiamFC against
0.438 for SiamFC ANN); this behavior was expected since SNNs are typically more
difficult to train than ANNs because of the loss of information due to the quanti-
zation of the original input and activations into spikes. However, we can see that
the curves of our model and of SiamFC (orange and blue curves, respectively) have
similar shapes, with a gap of 9.1% in AUC. Figure shows the precision plots
and AUCs of our spiking SiamFC and the original SiamFC on OTB-2015. Results
confirm that our model has a lower performance than its ANN counterpart (an
AUC of 0.455 for spiking SiamFC against 0.572 for SiamFC ANN). For GOT-10k,
we get an AUC score of 0.397 for spiking SiamFC, while Huang et al. [43] report
0.392 for SiamFC ANN [43]. This slight difference suggests that spiking SiamFC
can be as good as SiamFC ANN on this benchmark. These results indicate that,
on OTB-2015, the ANN version of SiamFC provides more accurate localization of

the target center than its spiking counterpart.

Table 6.2: Success rates at 50% of SiamSNN and spiking SiamFC on OTB-2015
and GOT-10k.

Tracker OTB-2015 GOT-10k
SiamSNN (reported from [29]) 0.443 0.327
Spiking SiamFC (ours) 0.385 0.411

Lastly, we compare the success rate at 50% IoU reported by Luo et al. [29] for
SiamSNN to that of our spiking SiamFC. These results are displayed in Table [6.2]
SiamSNN achieves success rates of 0.443 and 0.327 on OTB-2015 and GOT-10k,
respectively, while our model obtains 0.385 and 0.411 on the same benchmarks.
These results suggest that our model performs slightly worse on OTB-2015 but
clearly better on GOT-10k. However, although it relies on a single run (both for
SiamSNN and Spiking SiamFC), this result clearly shows a trend in the performance

of these trackers.
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Figure 6.6: Success plot and precision plot for OPE of spiking SiamFC on
the OTB-2015 benchmark. (a): Success curve of each specific ablation setting
in Table Values in the legend represent the AUCs. (b): Precision curve of each
specific ablation setting in Table
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Figure 6.7: Success plot for OPE of spiking SiamFC on the GOT-10k
benchmark (values in legends are AUC scores). Each curve represents the
success rate of a specific ablation setting with respect to the overlap threshold. The
orange curve shows our model without ablation.

6.3.6 Ablation Study

In order to analyse the influence of each of its components on the generalization

ability of our spiking Siamese tracker, we consider the following configurations:

o synchronized threshold adaptation: with and without synchronization be-

tween the exemplar and instance branches;

o head symmetry and accumulation branch: symmetric head (i.e., using spike
accumulation in both branches) against asymmetric head (i.e., using spike
accumulation only in one branch, either the examplar branch or the instance

branch);

o neural coding: direct input coding (on RGB or grayscale images) against

latency coding (on grayscale images).

The result of success rates at 50% of our ablation study are summarised in
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Model | Thresh- | Asym- Accu- Encod- | Success | Success
old metry mula- ing rate at rate at
syn- tion 50% 50%
chroni- branch OTB- GOT-
sation 2015 10k
Spiking v v Instance Direct 0.385 0.411
SiamFC (RGB)
Spiking v v Instance Direct 0.361 0.421
SiamFC (Gray)
Spiking v v Exam- Direct 0.322 0.405
SiamFC plar (RGB)
Spiking X v Instance Direct 0.223 0.291
SiamFC (RGB)
Spiking X X N/A Direct 0.180 0.272
SiamFC (RGB)
Spiking v v Exam- Latency 0.176 0.264
SiamFC plar (Gray)
Spiking v v Instance | Latency 0.172 0.295
SiamFC (Gray)

Table 6.3: Results of the ablation study on OTB-2015 and GOT-10k.

Table [6.3] First, the results in Table [6.3] show that our synchronised threshold
adaptation mechanism is necessary to improve model accuracy (0.385 and 0.411
against 0.223 and 0.291, for OTB-2015 and GOT-10k, respectively). In addition
to this, Figure shows the evolution of the validation IoU over training epochs,
comparing runs with and without synchronised threshold adaptation. It shows a
stabilisation of the validation IoU with synchronised threshold adaptation during
training. Without this mechanism, we can see a sudden drop in IoU during training
(from 0.45 to almost 0 over two epochs after epoch 110). This result tends to
confirm that synchronised threshold adaptation enables the model to have more
robust training.

Next, we analyse the effect of using a symmetric head compared to spike ac-
cumulation only in the instance branch. The results in Table show that a
symmetric head (i.e., accumulation in both branches) decreases the performance of
the tracker: the success rate at 50% drops from 0.0.291 to 0.272 on GOT-10k, and

from 0.223 to 0.180 on OTB-2015. This superiority of asymmetric heads may be due
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Figure 6.8: IoU on the validation set with and without synchronized threshold
adaptation (blue curve and green curve, respectively).

to a loss of temporal information when spikes are accumulated in both branches,
leading the model to learn poorer representations of the target object. We also
observe that accumulating spikes in the instance branch yields better results than
accumulating them in the exemplar branch (from 0.411 to 0.405 on GOT-10k, and
from 0.385 to 0.322 on OTB-2015, respectively), which suggests that preserving a
spiking (non-accumulated) representation for the exemplar feature maps is partic-
ularly important. In addition to providing better accuracy, accumulation only in
the instance branch is expected to lower computational cost, since it reduces the
number of spikes involved in the similarity operation (see Equation .

Now, we analyse the impact of using colour versus grayscale inputs. The results
in Table [6.3| show that encoding RGB images with direct rate coding yields similar
success rates at 50% IoU than encoding grayscale images: for the asymmetric head
with accumulation in the instance branch, performance decreases from 0.385 to
0.361 on OTB-2015, but increase from 0.411 to 0.421 on GOT-10k, when switching
from RGB to grayscale. This mixed result shows that colour information is not
really exploited by the model and suggests that the model could be improved in

future work on this aspect.

Finally, regarding the neural coding method, experimental results in Table 6.3
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show that the direct coding approach outperforms latency coding in terms of success
rate (0.361 and 0.421 against 0.172 and 0.295 on OTB-2015 and GOT-10k, respec-
tively). Figure shows the same results with precision metrics, with a precision
score of 0.227 for latency coding and 0.430 for direct coding. So, direct coding
spiking representation of input appears to provide better features for differentiat-
ing the target object from the background. For each configuration, Figure
and Figure (6.7 show the success plots on OTB-2015 and GOT-10k, respectively.
The shape of the plots of precision and success rate is consistent with the previous
observations.

The results of our ablation study indicate that each of the proposed components
contributes significantly to closing the gap between the ANN and SNN versions of

SiamFC, showing their necessity for designing an accurate spiking Siamese tracker.

6.4 Discussion

In this chapter, we compared our model to the original SiamFC model [4], and the
ANN-to-SNN model SiamSNN [29]. During our experiments, we noticed a difference
in performance between our model and SiamFC on OTB-2015, but not on GOT-
10k. This difference may be due to the number of classes in the two datasets,
suggesting that our model is better at handling large amounts of classes, such as in
GOT-10k, than at handling fewer classes, as in OTB-2015. Furthermore, OTB-2015
contains a non-negligible amount of grayscale data. As a consequence, the lower
performance we observe on OTB-2015 may be due to this difference, since we trained
spiking SiamFC exclusively on colour images, contrary to Bertinetto et al. [4], who
included 25% of grayscale images in their training set. Compared to SiamSNN, our
model shows better performance on GOT-10k while performing worse on OTB-2015.
This difference on OTB-2015 was expected, since SNN models trained directly with

surrogate gradient rarely outperform SNNs converted from ANNs. However, this
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result suggests that SiamSNN is slightly better adapted to the specific classes of
objects of OTB-2015, while our spiking SiamFC provides stronger generalization
on large-scale benchmarks with a larger number of more diverse classes, such as in

GOT-10k.

We also noticed, during our experiments, a strong dependence of the perfor-
mances of the model to the initial selection of training sequences (for instance,
whether objects with a low resolution where filtered out or not). This insight is
supported by the reports of Xu et al. [87] about SiamFC++ ANN. However, the
original SiamFC paper [4] provides only limited details on the pre-processing ap-
plied to the ImageNet VID 2015 dataset (e.g., filtering out of sequences, minimal
sizes of target objects, or maximum time gap used when sampling frames for train-
ing). Therefore, a study on the impact of the training data on SiamFC ANN could

also allow improvements of our spiking SiamFC.

Additionally, we show in our model that spike accumulation in the instance
branch provides better performance than accumulation in the exemplar branch.
This result shows that we could further reduce spike counts of the Siamese-based
trackers since the spatial accumulation of spikes in the instance branch after back-
bone processing covers twice the spatial area of the spiking feature maps from the
examplar branch. This result may lead to reduced energy consumption on suitable

hardware.

Lastly, since spiking SiamFC++ [30] was not evaluated using the same standard
protocol as SiamFC, it would have been difficult to compare our model to theirs.
Furthermore, the experiments were not sufficiently detailed in the paper to repro-
duce the reported results. However, some of our results appear to contradict those
reported by Xiang et al. [30], who did not observe an early non-learning phase in
their training curves. In our experiments, this plateau of almost-zero improvement
at the beginning of training seems to be a common side effect of using surrogate

gradient backpropagation in deep SNNs. It is exacerbated in Siamese-based trackers
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because both branches share weights, and thus receive highly correlated gradients.
An explanation for this discrepancy is that the additional loss term introduced in
SiamFC++ (i.e., the quality control loss on predicted bounding boxes) may provide
stronger and more informative supervision signals from the beginning of training.
This stronger signal could inject more informative gradients and mitigate the initial

non-learning phase of SNNs trained with surrogate gradient backpropagation.

6.5 Conclusion

In this chapter, we introduced a novel spiking SiamFC model for VOT. It also
provides a comprehensive ablation study analysing individual contributions of each
part of the proposed architecture. This work tackles several challenges that have
not been widely addressed in the literature. The model was effectively trained using
the surrogate gradient method on the ImageNet VID 2015 dataset, and evaluated
on OTB-2015 and GOT-10k. The results demonstrated promising tracking per-
formance, although there are still open questions about the management of colour
images against grayscale images and the lower performance on OTB-2015 as com-
pared to GOT-10k.

One major contribution introduced in this work is the synchronised threshold
adaptation mechanism. This mechanism enhances the regulation of spike trains
across the network, which in turn improves the stability of training and leads to
better tracking accuracy. Inspired by prior spiking feature extraction models and
the work of Luo et al. [I78], our model employs an asymmetric correlation opera-
tion with spike accumulation performed in the instance branch. This design shows
better tracking performance than the accumulation in the exemplar branch while
potentially reducing energy consumption by processing fewer spikes.

Additionally, a novel spiking pooling layer was developed. This layer adapts the

average pooling operation to output spike trains without information loss, enabling
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a fully spiking backbone that is better suited for deployment on neuromorphic
hardware.

Together, these contributions advance the goal of building a potentially energy-
efficient and robust SNN for VOT, enabling us to track atmospheric data, which

we will study in further detail in the next chapter.
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Chapter 7

Spiking SiamFC on Atmospheric

Products

Aerosol impact the health of populations (see Chapter . These plumes are respon-
sible for millions of deaths per year [12] and are mainly due to human activities.
Therefore, we need an efficient and robust automatic plume-tracking system that
enables faster air quality prediction and supports environmental disaster response
(e.g., pollution peaks). To achieve this, satellites should be able to move their in-
struments directly to areas of interest to obtain the maximum amount of data from
specific events. Furthermore, due to the limited energy resources onboard satellites,
such tracking models should consume as little energy as possible. However, to the
best of our knowledge, no deep learning-based tracker methods for VOT have been

applied to atmospheric plumes, let alone low-energy SNN trackers.

In Chapter[6] we introduced a new spiking SiamFC tracker that can track generic
objects based on an SNN architecture that has the potential to be embedded on
satellites if implemented on suited neuromorphic hardware. We propose in this
chapter a case study in which we evaluate the application of our SNN tracker to
atmospheric plume data. This case study uses the aerosol VOT dataset derived

from CAMS EAC4 reanalysis [38] data that we presented in Chapter , focusing on
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the sea salt and dust species.

For practical reasons, we choose to track dust and sea salt plumes on AOD maps.
This choice is motivated by pushing the tracker to its limits through scenarios that
challenge it under different physical and observational conditions. Dust aerosols
present well-defined plumes with sharp edges, which are used to validate VOT
on the plume. Sea salt aerosols present diffuse plumes with smaller variations in
AOD intensity. It allows testing the model on low-contrast, fast-evolving boundary
plumes.

Compared to tracking generic objects, tracking plumes poses unique challenges.
First, plumes have no definite shape and require trackers to verify the initial hy-
pothesis proposed by Francis et al. [19]. This assumption states that a significantly
unique optical signature can be extracted from plume textures. Next, the model
should handle aerosols with completely different dynamics. Furthermore, these
aerosol plumes can undergo renewal or drop, posing an unprecedented challenge to
VOT by altering their presumed optical signature.

These challenges directly affect the spiking SiamFC tracker. Since plumes have
no specific shape, the tracker will have to extract an optical signature from only the
texture of the plume. Since spiking SiamFC relies only on appearance, the extracted
signatures should be sufficiently unique not to confuse plumes. Furthermore, the
continuous dropE] and plume renewa]ﬂ expose the spiking SiamFC tracker to objects
that have changed their optical signature from one frame to another.

Therefore, considering the specificities of these atmospheric phenomena, we aim
to assess the tracking capabilities of our spiking SiamFC model. First, we evaluate
the spiking SiamFC tracker on aerosol plumes (i.e, dust and sea salt) from AOD
data.

This chapter presents our tracker applied to the annotated CAMS EAC4 aerosol

!By drop, we refer to the progressive removal of aerosol from the atmosphere, which reduces
the contrast of the plume.
2By renewal, we refer to the injection of new aerosol particles into an existing plume.
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dataset introduced in Chapter [5| (Page . We aim to evaluate the ability of
the model to track sea salt and dust aerosol plumes across diverse temporal and
spatial conditions. We start by detailing the methodology (i.e., the specific dataset
preparation, processing, model configuration, and training protocols). Then, we

discuss results under multiple experimental conditions.

7.1 Dataset Properties

The CAMS EAC4 aerosol tracking dataset, detailed in Chapter [5| (Page , is
used as the basis for all experiments in this section. We recall its major properties
here. It provides annotated sequences for both sea salt and dust aerosol events for
the VOT training and evaluation processes. This dataset uses the AOD at 550nm
product. It has been annotated from 1st September 2020 to 31st December 2022 for
dust, and from 1st September 2020 to 31st January 2021 for sea salt. The dataset
is annotated on a 0.75° by 0.75° grid in latitude and longitude. Overall, the dataset
contains 267 sequences with 182 AOD sequences of dust and 85 AOD sequences of
sea salt. The total number of annotated plume bounding boxes is 28, 761. Provided

bounding boxes can be used either on the total AOD or by-species AOD.

7.2 Preprocessing

Preprocessing for AOD is limited to essential steps. The input data maps already
operate in a low dynamic range, which prevents the distortion of physical values
and avoids noise amplification. As mentioned in Section m (Page , the only
preprocessing step is the spatial cropping of regions of interest during data cura-
tion, to ensure an SOT setting (see Section , Page . Furthermore, no data
augmentation using geometric transformations was applied to the input data. Ro-
tation and flipping of AOD data break the physical meaning of the plumes. For

aerosol products, these operations can create distributions and spatial features that
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would not be physically possible under real atmospheric transport and emission
conditions. This could introduce physically aberrant examples into the training
sets.

All sequences in the dataset are randomly split into non-overlapping training,
validation, and evaluation sets (with ratios of 60%, 20%, and 20%, respectively).
By ensuring diverse data exposure, this strategy prevents overfitting to specific sea-
sonal patterns and enables better generalisation of trackers through varied training

scenarios.

7.3 Experimental Protocol

In this section, we propose a protocol to evaluate the generalisation abilities of the
tracking model across realistic (total AOD) and simulated (by-species AOD) set-
tings. Four main experimental settings are defined to cover all possible application

settings:

o species-specific training on by-species AOD: this setting is composed of two
trackers, each trained either on dust AOD sequences (setting code: E5) or
on sea salt AOD sequences (E6), with by-species AOD maps as input. This
setting serves as a baseline for our comparison since it represents the ideal
tracking conditions (i.e. clear separation between species in inputs, and one

tracker per species);

» mixed-species training on by-species AOD: one tracker is trained on a dataset
containing both dust AOD sequences and sea salt AOD sequences, with by-
species AOD maps as input (E4). This setting tests the ability of the tracker

to track multiple species at once;

o species-specific training on total AOD: in this setting, one tracker is trained

on dust AOD sequences (E2), and another one is trained on sea salt AOD
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E5

E6

Figure 7.1: Illustration of the spiking SiamFC for each setting from Table For
each setting, we display the frames at time steps 5, 10, 15 and 20. Each time step
is equivalent to 3 hours. Green rectangles are the ground truth bounding boxes,
while red rectangles represent the predicted bounding boxes.

sequences (E3), with total AOD maps as input. This setting evaluates the
ability of the tracker to track aerosols in real conditions (as total AOD can

be obtained directly from measurements [153]);

« mixed training on total AOD: one tracker is trained on a dataset containing
both dust AOD sequences and sea salt AOD sequences, with total AOD maps
as input (E1). This setting shows the ability of the tracker to process data
that can be obtained directly from sensors and that includes multiple species

at once.

Table sums up the trackers trained in different settings. We illustrate each
setting in Figure
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Setting Code Aerosol(s) Tracked Input product
E1 Dust and sea salt Total AOD
E2 Dust Total AOD
E3 Sea salt Total AOD
E4 Dust and sea salt By-species
E5 Dust By-species
E6 Sea salt By-species

Table 7.1: Experimental settings for the tracking of dust and sea salt aerosols.
Each setting corresponds to the type of aerosols we want to track and the product
on which we track them.

Following the protocol of Chapter @ (Page , on each epoch during training,
sequences are uniformly sampled, and within each sequence, a random pair of total
AOD (or by-species AOD, depending on the experiment) maps is sampled as the
exemplar and instance inputs for our spiking SiamFC tracker. During evaluation,
for each tracking experiment, we started with the ground-truth bounding box from
the first frame and performed tracking frame-by-frame, without resetting the target

object in case of failure, following the OPE protocol for tracker evaluation.

7.4 Implementation Details

Unless stated otherwise in this chapter, all spiking SiamFC hyperparameters are
identical to those used in Chapter @ (Section W, Page , including the back-
bone architecture, number of time steps, and spike-rate regularisation settings. We
train separate trackers for each experimental setting in Table [7.1] using the same
Adam optimiser, initial and final learning rates, batch size and number of epochs
as in Chapter [6] Unlike the experiments in Chapter [6] we train models over 400

epochs.
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7.5 Results

Figures [7.2a], [7.2D], and [7.2c] show the evolution of the training and validation IoU

during training for, respectively, settings E3, E2, and E1 (see Table Page [152)),
using total AOD maps as input to the tracker. The learning curves in Figures

7.2a), [7.2b] and [7.2c show that the validation IoU stays low most of the time. For

sea salt tracking (see Figure , the validation IoU goes from 0.27 to 0.32. At
the same time, the training IoU shows the same behaviour. This indicates some
capacity of the tracker to extract features and learn from total AOD data. For dust
aerosols (see Figure , the validation IoU stays close to 0.3, with the training
IoU continuing to increase. This behaviour suggests that the model has reached
its generalisation capacity. Mixing dust AOD maps and sea salt AOD maps for
training (see Figure achieves a validation IoU of 0.3, with a lower difference
between training and validation IoU. This behaviour suggests a slightly more stable
generalisation across species when training on mixed dust and sea salt plumes than
when training on dust alone. This behaviour can also be due to the imbalance
between classes in terms of sequences and frames, which biases the results towards

the tracking of dust AOD, instead of improving sea salt AOD tracking performances.

Figures[7.3al, [7.3b], and[7.3cshow the evolution of the training and validation IoU

during training for, respectively, settings E6, E5, and E4 (see Table Page ,
using by-species AOD as input to the tracker. By using species-specific AOD data
for tracking, we have observed better generalisation capacity for sea salt (with
almost 0.4 for validation IoU against 0.3), while dust (Figure and combined
case AOD give almost the same validation IoU as tracking on total AOD. This
suggests that the model can extract from total AOD the same information for
dust than from by-species AOD, but not for sea salt AOD. The large gap between
the IoU of training and validation suggests that the model has also reached its

generalisation capacity. When the model is trained on data from both dust and
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Figure 7.2: IoU learning curves for aerosol tracking with total AOD input. Top
panels compare the tracking of sea salt only (a) and dust only (b), while the bottom
panel presents combined the tracking of dust and sea salt (c).
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sea salt (Figure , the results improve further, achieving a higher validation
IoU than when trained on dust plumes only; we will discuss this result later. This

approach also results in more stable differences between training and validation

performance.
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Figure 7.3: IoU learning curves for aerosol tracking with by-species AOD. Top
panels compare the tracking of sea salt only (a) and dust only (b), while the bottom
panel presents the tracking of combined dust and sea salt (c¢). The results show the
improved convergence with by-species for sea salt, but not for dust. The combined
species case shows similar results for validation as total AOD.

The success plots in Figures 7.4/ and offer a detailed view of the performance
of the tracker for total and by-species AOD. AUC scores are shown in the legends
of Figures [7.4 and for each setting. For total AOD, the scenarios involving

combined dust and sea salt, as well as dust only, yielded the highest AUC scores

155



(i.e., 0.128 and 0.127, respectively). Furthermore, by computing individually the
AUC for the sequences of each species in setting E1, we see that the tracking of dust
is improved with an AUC of 0.14. However, sea salt AUC decreases slightly to 0.10.
This increase in AUC for dust in E1 indicates that tracking of aerosols can profit
from adding other species to the dataset. For sea salt tracking from total AOD
(i.e., setting E3), the tracker shows an AUC score of 0.11, while dust (i.e., setting
E2) gets an AUC of 0.127. These results show that dust is better tracked than
sea salt in general, which could be explained by the fact that dust plumes have
more compact and clearer boundaries than sea salt ones, or by physical changes
affecting the appearance of plumes of sea salt, but not of dust plumes. For the
combined case on by-species AOD (i.e., setting E4), we get an AUC score of 0.15,
showing an improvement compared to case E1. Furthermore, when computing the
AUC scores for each species in setting E4, we also notice an improvement, with an
AUC of 0.18 for dust, and an AUC of 0.09 for sea salt. This result confirms our
previous observations from setting E1 for dust. In E5 and E6, we get an AUC of
0.116 and 0.11 for dust and sea salt, respectively. These AUCs show that dust and
sea salt AOD tracking are slightly worse on by-species AOD than on total AOD.

This difference needs to be confirmed on additional runs.

We observe from Figures and[7.3]that, in all settings, the SNN learns, to some
extent, from total and by-species AOD, and does not undergo overfitting. However,
results in Figures [7.4] and show only modest results. To further study this
poor performance of our tracker, we decided to analyse the correlation between the
variation in the target AOD plume and the predicted IoU across sequences. Figure
7.6| shows the cross-correlation of the mean AOD of the groundtruth bounding
boxes, by the IoU of the tracker for each experimental setting. Results are averaged
across sequences to provide general trends for each setting. By computing this cross-

correlation operator measures how similar one signal is to a time-shifted (i.e., under
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Figure 7.4: Success plot following the OPE evaluation protocol for tracking plumes
using CAMS EAC4 total AOD. Each line represents a different aerosol class: dust
and sea salt combined (blue), dust (orange), and sea salt (green). The success
rate at 50% for each species is given in the legend. The dust and sea salt class
and the dust class show similar tracking performance, while sea salt plumes are
notably more difficult to track, reflected by the lower success rates across thresholds.
The results highlight the challenge of accurately following diffuse and low-contrast
aerosol plumes from reanalysis data.
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Figure 7.5: Success plot following the OPE evaluation protocol for plume tracking
using CAMS EAC4 by-species AOD. The blue curve shows combined dust and sea
salt performance, the orange one shows dust only, and the green one shows sea salt
only. The success rate at 50% indicates that tracking is most successful for combined
plumes, with lower performance for individual dust and especially sea salt plumes.
This highlights the increased difficulty of localising and following diffuse or low-
contrast events.
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lagED version of the other. Using this cross-correlation function, we aim to determine
whether drops or renewals of AOD within the target plumes lead to decreases in IoU.
If the minimum of the function is in the positive lag, it shows that renewals of the
AOD plumes leads to drops of predicted IoU, while if the maximum is in the positive
lag, drops of AOD plumes leads to a drop of IoU. In Figure [7.6a] corresponding to
case E1, we observe the minimum value on a positive lag, which suggest a correlation
between increases in AOD (i.e., renewal of the plumes) and decreases of loUs. This
result can explain the low performance discussed earlier. We observe the same

behaviour in Figure representing case E4. On Figure [7.6a] and [7.6D] we also

observe a significant increase just after this minimum, suggesting that the tracker
tries to relocate the renewed plume. Figure and [7.6d], corresponding to settings
E2 and E5, show a minimum in the negative lag, which could be either due to low
performance of the tracker or a change on the appearance of the plume due to the
drop of aerosols. The cross-correlation of sea salt sequences (settings E3 and E6)
shows more mixed results with a minimum closer to a 0 lag, indicating a consistent
anti-correlation between the variations of AOD and IoU, but we cannot conclude
on the relationship between the two, indicating that AOD is not responsible for the

tracker failure in this case.

7.6 Discussion

Although achieving high tracking accuracy remains challenging due to the com-
plex nature of aerosol plumes, which include noise and overlapping signals [179],
using a dataset that has dust and sea salt sequences improves the tracking of dust,
suggesting that adding more species could improve the tracking further. Despite
modest results, the statistics we conducted could indicate that renewals or drops

of plumes may be one cause of the failure of the tracker. These results will need

3The lag corresponds to the temporal shift between the two signals when computing their
cross-correlation (i.e., how far one signal is shifted in time relative to the other).
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Figure 7.6: Cross-correlation of the mean AOD over ground truth regions by the
IoU through time. Figures (a) and (b) show this cross-correlation for the E1 and
E4 settings, respectively (see Table[7.1)). (c¢) and (d) show the ones for settings E2
and E5, respectively. (e) and (f) show the cross-correlation from settings E3 and
E6, respectively. Each cross-correlation has been computed over at least 25 samples
to ensure statistical robustness.
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future investigation to be confirmed. We notice in this chapter that dust plumes
are generally easier to track due to their more distinctive spatial structures [0 [5].
In contrast, sea salt plumes remain more challenging for trackers, potentially due
to their diffuse, low-contrast nature, as confirmed by physical observation. To the
best of our knowledge, there is no prior work on tracking aerosol plumes with SNNs,
making our spiking SiamFC a baseline for VOT-based tracking.

Although the quantitative results remain limited, this work is still valuable. To
the best of our knowledge, it is the first attempt to track aerosol plumes using a low-
energy deep learning SNN model, paving the way for future low-energy approaches
to aerosol plume tracking. In addition, our experiments highlight important physical
factors that must be considered when tracking aerosol plumes, such as changes in the
visual appearance of the target caused by the decay or renewal of aerosols, which in
turn modify the optical signature of targeted plumes. It demonstrates that standard
approaches to tracking are not enough to tackle aerosol plume tracking, and calls

for additional efforts in this field.
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Chapter 8

Conclusion and Future Work

8.1 Summary of Contributions

Understanding and monitoring atmospheric plumes is crucial for studying the im-
pact of aerosol and gas plumes on the climate. However, doing so requires models to
be embedded on instruments (e.g., LIDAR embedded on a satellite) in order to get
faster response in case of pollution peaks or low latency to follow events of interest.
Moreover, VOT for these plumes poses significant challenges due to their complex
spatio-temporal variability. At the intersection of atmospheric science, VOT, and
energy-efficient deep learning, this thesis proposed methods to transfer VOT meth-
ods to SNNs and to the tracking atmospheric plumes. To the best of our knowledge,

this thesis is the first research to use SNN on atmospheric plume tracking.

The following sections detail the main contributions of this thesis. First, a pri-
mary focus has been made on the creation of an atmospheric plume tracking dataset
from the CAMS EAC4 dataset. Then, we have adapted to directly-trained SNNs to
the SiamFC ANN from Bertinetto et al [4], an efficient tracking-by-detection model.
Lastly, a comprehensive evaluation of our spiking SiamFC on aerosol plume data

has been realised to evaluate the efficiency and the limits of the proposed method.
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8.1.1 Construction of a Dataset for the VOT of Atmospheric

Plumes

We introduced a new VOT dataset designed for atmospheric aerosol plume tracking.
This dataset uses ECMWE CAMS EAC4 reanalysis products. The dataset focuses
on sea salt and dust aerosol plumes. These two aerosol species were chosen for their
visual properties in the atmosphere. Dust often presents well-defined atmospheric
plumes, while sea salt shows a large and quite diluted aerosol plume.

We also provide a detailed annotation protocol and bounding boxes, along with
statistics on the bounding boxes of the dataset. The bounding boxes capture the
spatial extents of plumes across frames every 3 hours. The annotated data was
acquired from 1st September 2020 to 31st December 2022. This time span allows
for the integration of diverse atmospheric plume shapes and sizes, enabling training
or at least benchmarking of visual trackers on atmospheric plumes.

We have also validated the physical relevance of bounding boxes in terms of
areas and AOD intensities [5], [6, [7]. The dataset emphasises realistic atmospheric
conditions by incorporating spatio-temporally diverse plume events extracted from a
high-quality reanalysis model from ECMWFEF. This enables the study of VOT under
challenging scenarios representative of typical atmospheric variability. It settles a

new standard for aerosol and plume tracking research.

8.1.2 Spiking SiamFC Tracker

The core contribution of this thesis is the development of the a directly trained
SNN adaptation of the SiamFC from Bertinetto et al. [4]. This work introduces
several novelties in spiking Siamese trackers to enable effective learning with such
architectures.

First, this model provides a synchronised threshold adaptation method to sta-

bilise learning with surrogate gradient-based methods. We also proposed a compar-
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ison between two spike encoding strategies: direct and temporal coding. Further-
more, our model includes is the first implementation of spike rate pooling. We also
show that asymmetrical head accumulation on the instance branch gives slightly
better results than accumulation on the exemplar branch, while decreasing the
number of spikes to be processed. Lastly, an ablation study has been conducted to
validate the benefits of each contribution in achieving stable and accurate tracking,

demonstrating clear performance improvements.

Overall, this work advances SNNs in VOT by providing an energy-efficient al-
ternative to traditional ANN architectures. By doing so, it provides an SNN tracker

applicable to remote sensing and atmospheric plume applications.

8.1.3 Evaluation of Spiking SiamFC on Atmospheric Plumes

Finally, our spiking SiamFC model was evaluated on the annotated aerosol plume
tracking dataset that we developed. In these experiments, we have shown that our
SNN tracker is able to learn features from aerosol plumes, even though tracking
performance remains low. One explanation for these results is that, although we
developed a large dataset for aerosol plume tracking, it remains insufficient in terms
of the number of sequences to train an effective tracker. However, we have observed
an improvement in tracking for dust plumes when combined with sea salt plume
sequences; this observation needs to be confirmed by future research on plume
tracking. Evaluation on this dataset has highlighted major challenges unique to
plume tracking, such as drop or renewal, causing a fast change of appearance of

these plumes.

This work represents the first application VOT to atmospheric plumes, estab-
lishing foundational benchmarks and methodology for the intersection of SNNs and

atmospheric science.
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8.2 Dissemination

The work in this thesis has not been published yet because of the time required to
develop an effective SNN Siamese tracker from scratch. As the tracker needed to
be developed as a whole, no incremental or partial contribution could be published
during research. Furthermore, all contributions in this thesis are closely related: the
evaluation of the tracker on atmospheric data could only be done after the tracker
was completed.

The contributions of this thesis will be disseminated into two main communities:
neuromorphic computing, and atmospheric science and remote sensing.

The contribution proposed in Chapter [6] i.e. the SNN Siamese tracker with the
synchronised threshold adaptation, comparison of direct and temporal coding, and
asymmetric head accumulation, will be submitted to a neuromorphic computing
journal. Making the implementation available as an open-source package will sup-
port reproducibility and encourage its use as a baseline for future spiking Siamese
trackers.

The dataset from Chapter[5 which includes the annotation protocol and quality-
control analysis, and the baseline results of our spiking SiamFC (Chapter [7)) will be
submitted to a journal on remote sensing and atmospheric science. Furthermore,
the public diffusion of the data and of the code will facilitate their reuse by other

researchers for training and benchmarking.

8.3 Future Work

This section outlines future advancements for VOT on atmospheric plumes using
SNN-based trackers. First, we discuss how richer annotations and the inclusion of

additional aerosol species could improve VOT performance for aerosol plumes. We

then consider integrating motion models and [Physics-Informed Neural Networks|
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to better exploit prior physical knowledge of aerosol transport. Finally,
we explore how extending the spiking SiamFC architecture to MOT could address
plume splitting and merging events that are common in realistic atmospheric con-

ditions.

8.3.1 Annotation of other AOD Species from CAMS EAC4

The priority should be given to the annotations of a larger number of atmospheric
plumes. One promising route to do this is to expand annotations to include more
aerosol species (such as sulfate, black carbon, organic carbon, and nitrate). Such an
annotation would make the datasets more representative of all products coming from
ECMWF, which will allow to evaluate trackers across multiple classes. This would
allow researchers to potentially improve VOT by making the model observe species-
specific plume behaviour. In the end, this work could help to study interactions
between different aerosols and help study the impact of aerosols on air quality
and climate change. The main challenges will be to annotate enough sequences
for effective training on each species. Another challenge is to accounting for the
physical properties of each aerosol during training and evaluation (e.g., velocity
and atmospheric lifespan). This could allow us to confirm by more solid evidence

the relationship between the changes in AOD values and the failure of the trackers.

8.3.1.1 Training and Evaluation on Data from Real Instruments

Transitioning from model-generated reanalysis to real instrument data (such as data
from MODIS coupled with AERONET) would make the tracker more relevant for
realistic scenarios and validate the spiking tracking approach under true observa-
tional uncertainty, sensor noise, and atmospheric retrieval artefacts. Lastly, data
from instruments often present missing values, which require careful selection and

annotations.
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8.3.2 Motion Model and Physics Informed Neural Networks

Incorporating physically-informed motion models, such as atmospheric transport
trajectories, could help the tracker anticipate plume evolution and avoid tracker
failure when velocities of plumes are too high or when observations are missing.
However, models such as [180] could be difficult to integrate into a Siamese-
based tracker because discrete nature of SNNs enter in conflict with the need for
continuity from physical constraints. This could allow for a lower need for data
from such trackers. Omne drawback is that it usually comes at the expense of a
larger computational cost. Key challenges of such work include the integration of
physical models into SNN trackers, handling SNNs training instability, choosing
meaningful physical parameters that would guide the tracker correctly, and finding
a spiking representation for those. Prior work already used PINN with SNNs [181],

which could serve as a basis for this future tracker.

8.3.3 MOT with Spiking SiamFC

All the contributions presented here are based on SOT. Thus, another axis of devel-
opment for the spiking SiamFC could be to include multi-target tracking capabilities
to explore the problem of tracking splitting and merging AOD plumes, which fre-
quently occur during aerosol transport. Contrary to SOT, MOT would be able to
adapt to the tracking of a single plume splitting into multiple plumes by creating
groups of target objects and, as such, following the original single plume at multiple
positions. MOT would also be useful for merging scenarios by detecting the plume
of origins from an already merged plume in a reanalysis scenario. Furthermore,
MOT would be able to integrate awareness of the target objects in the map, mak-
ing it more robust to background clutter. This property, in the case of aerosols or
gas plumes, is particularly useful when two plumes merge together. This could also

be useful for splitting plumes since the detector integrated in MOT could detect
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these two plumes as new objects. This allows for more accurate tracking for the

analysis of the evolution of plumes.
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Appendix A

Atmospheric Composition

Reanalysis 4 Tracking Annotation

A.1 Data Format and Structure

Tracking annotations of CAMS EAC4 aerosol plumes have a similar file organisation
as classic VOT datasets, such as the ImageNet dataset [64], to facilitate efficient
access and usage of this dataset for the VOT research community. The top-level
directory, named export_data/annotations, contains the sequences stored in sub-
directories. Each of these subdirectories is formatted as cams-global-reanalysis—
eacd_<YYYY-MM-DD> <YYYY-MM-DD>, with <YYYY-MM-DD> being the placeholder for
the start and end dates of sequences.

Each subdirectory contains the following elements:

« a file containing the list of paths (e.g., duaod550_list_path.txt and

ssaod550_list_path.txt) per sequence for dust and sea salt aerosol data,;

« a directory (e.g., duaod550, ssaod550) containing the annotations inside
JSON files. These JSON files contain bounding boxes of AOD plumes for

each frame.
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The pre-cropped data directories duaod550_crop and ssaod550_crop contain
sequences cropped around the annotation. This is used as preprocessing for trackers
searching target objects in sub-regions instead of the whole image for the training
and validation phase. These cropped data directories are further divided into sub-
folders (e.g., dustl, sea_saltl, dust2, sea_salt2) that correspond to individual
aerosol plume sequences.

The original raw CAMS EAC4 reanalysis data can be downloaded on the ECMWF
atmosphere data store at the following address: https://ads.atmosphere.coperni-

cus.eu/datasets/cams-global-reanalysis-eac4.
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