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ABSTRACT

Multiple Object Tracking (MOT) is a crucial step in the auto-
matic analysis of biological processes. In this work, we introduce
VISUALMHT, a Bayesian Multiple Hypothesis Tracking algorithm
integrating self-supervised visual features to leverage robust target
identity and consistently track biological objects. This novel track-
ing algorithm achieves state-of-the-art results on the SINETRA syn-
thetic datasets and demonstrates robust neuron tracking in the fresh-
water cnidarian Hydra vulgaris, highlighting the benefit of combin-
ing probabilistic motion models with learned visual representations.

Index Terms— Multiple Hypothesis Tracking, Contrastive
learning, Hydra Vulgaris

1. INTRODUCTION

The gold standard for studying the in vivo dynamics of biological
processes is time-lapse fluorescence imaging, followed by quantita-
tive analysis. A crucial step in this pipeline is Multiple Object Track-
ing (MOT), which aims to reconstruct the trajectories of individual
targets (e.g., fluorophores, cells, pathogens) over time [[1, 2].

Most tracking methods adopt a tracking-by-detection paradigm:
objects are first detected in each frame, and detections are subse-
quently linked to form trajectories. In fluorescence microscopy,
labeled objects typically appear as bright spots on a noisy back-
ground [3]], and their detection can be performed using analytical
techniques, such as wavelet-based filtering and statistical threshold-
ing [4]], or by data-driven approaches based on deep learning [ 6]

Several strategies have been developed to robustly link noisy de-
tections into coherent trajectories. Graph-based optimization meth-
ods formulate tracking as a global association problem over time,
allowing for consistent trajectory reconstruction [7, (8, [9]. Alterna-
tively, Multiple Hypothesis Tracking (MHT) [10,[2,|11]] adopts a fully
Bayesian formulation within a sliding temporal window, explicitly
maintaining and updating multiple competing association hypothe-
ses to identify the most probable tracking configuration.When the
MHT is restricted to frame-by-frame optimization, the problem re-
duces to a Linear Assignment Problem (LAP) [12}|13]] enabling real-
time performance at the cost of reduced long-term tracking accuracy.

The quality of any linking algorithm critically depends on the
cost function used to compare detections. Simple geometric costs
(Euclidean, Intersection-Over-Union), often fail when targets un-
dergo large displacements. Therefore, more robust probabilist mod-
els (e.g. Kalman filtering, Interactive Multiple Model) have been
used to anticipate such motion [14}[13]]. Advanced Bayesian track-
ing frameworks extend these costs with modeled priors such as a
target life-cycle [10 [2].

Recently deep learning—based approaches have emerged as pow-
erful alternatives, learning association costs directly from annotated
data [[15}8]]. In natural image tracking, neural networks are used to
learn target identity through appearance embeddings [16} [17], and
we recently showed that such identity embeddings could also be
achieved for biological targets [18].

In this work, we introduce VISUALMHT, a fully Bayesian
Multiple Hypothesis Tracking framework that integrates learned vi-
sual identity features alongside probabilistic motion modeling. We
design robust target embeddings using self-supervised contrastive
learning with carefully chosen data augmentations, enabling to learn
consistent target identity without any manual annotation. Our ap-
proach achieves state-of-the-art performance on the SINETRA syn-
thetic tracking benchmark [19] and demonstrates high robustness
for neuron tracking in the freshwater cnidarian Hydra vulgaris [20],
confirming that the incorporation of visual features in our track-
ing framework significantly improves target re-identification across
time.

2. METHOD

In the following, we denote by I1.v = ([1,...,Ir) a time-lapse
image sequence of length T', where each frame I; € [0, 1]7*" rep-
resents a two-dimensional fluorescence image of size H x W pixels
at time ¢. For each frame I, a detection algorithm yields a set of M;
detections, denoted Z; = {z] }2t,, where z/ € R? corresponds to

j=1>
the pixel-wise localization of the ™ detection. Our tracking frame-
work is agnostic to the choice of detector; in this work, we employ
either a trained StarDist model [5]] or the unsupervised wavelet-based
spot detector [4] implemented in the Icy software [21]].

We first describe how each detection z] is encoded into an iden-
tity feature vector using a self-supervised learning approach. Then,
we introduce VISUALMHT, a Bayesian Multiple Hypothesis Track-
ing algorithm that leverages these features to robustly associate de-
tections across time.

2.1. Self-supervised learning of a target identity

We aim to encode the visual identity of each detected target into
a discriminative feature vector implicitly learned without any track
label. For each detection z{ in frame I, we extract a square im-
age patch P} C I, of size L x L centered on z7, that captures the
pixel information about the target identity. Figure [T] shows typical
patch evolution through time, indicating a preserved visual identity
for each target.

We propose to learn this visual identity conservation through
a convolutional neural network (CNN) encoder ¢ that projects the
raw patch into a feature vector f; = (P/) € R This encoder



This work has been accepted for publication by IEEE but has not yet been fully published. A post-print
of this paper will be made available via IEEE Xplore. Copyright may be transferred without notice, after
which this version may no longer be accessible.

SINETRA

Fig. 1. (Top row) Examples of target patches extracted from Hydra
neurons in Trase-IN [20] and synthetic targets in SINETRA [19].
(Bottom row) The same target is shown after 7 = 8 frames, high-
lighting the slow temporal evolution of its visual appearance.

o

(b)

Fig. 2. Patch-based augmentation strategy for learning robust and
invariant target identity embeddings. (a) Five random augmentations
t ~ T applied to the same patch from Trase-IN [20]]. (b) Similar
augmentations applied to a patch from SINETRA [19].

is trained to produce identity feature vectors robust to carefully de-
signed random image augmentations ¢ ~ 7 (Figure[2) that randomly
modify patch intensities, while preserving the expected target iden-
tity. The model optimizes a triplet loss [22] to encourage feature
proximity for identical targets and separation for distinct ones.

For each imaging and target modality, we extract training
patches from three representative videos and train a dedicated
encoder specific to that modality. Since our approach is fully
self-supervised and requires no manual annotations, an encoder can
be trained for any imaging condition or biological target of interest.
For each detection zJ included in the training set, we then adopt
the following unsupervised triplet sampling strategy. (1) The anchor
and positive patches are generated as two independently augmented
views of the same detection: P, = t,(P/) and P, = t,(P}),
where tq,t, ~ T denote random augmentations drawn from our
augmentation distribution described below. (2) The negative patch is
sampled from another detection z;" within the same frame or from
a different video to ensure distinct target identities: P, = t,,(P{™)
with ¢t,, ~ T.

The encoder learns to minimize the triplet loss of the embed-
dings f,, f,, and f,, of these patches:

L(fa, £p, ) = max ([[fa — fpll2 — [[fa = full2 +m,0) (1)

where m = 1 is a fixed margin controlling typical inter-class sep-
aration. The network thus learns to minimize intra-target distances
while maximizing inter-target distances in the feature space.

2.1.1. Data augmentations

To learn robust identity vectors, each patch is transformed by a
randomly sampled augmentation operator ¢ ~ 7 that is designed
to alter the patch appearance while preserving the target identity
(Figure[2). The sampled transformations typically simulate realistic
changes that may occur between consecutive frames, and include:

(i) small affine translations and rotations (+5°), (ii) small elas-
tic deformations, (iii) motion blur (maximum displacement of 10
pixels), (iv) Gaussian blurring (¢ € [0.5,1.0]) and Poisson noise
(PSNR 5-20 dB), (v) contrast jittering (scaling in [0.8, 1.25]), and
(vi) random sub-patch erasing to encourage spatial invariance. Each
random transformation has a probability p = 0.5 of being applied
for each sampled patch.

Our augmentation strategy 7 is designed to generalize across
imaging modalities and biological contexts, but it can be adapted to
specific applications by tuning the transformation parameters. When
reliable tracking annotations are available, they can be seamlessly
integrated as additional supervision signals—either in combination
with or as a substitute for random augmentations—to further im-
prove temporal consistency and identity preservation.

2.1.2. Implementation details

Across our modalities, we set L = 32, which ensures that the patch
captures both the target and a few of its closest neighbors, providing
local spatial context that helps disambiguate visually similar targets.
For each modality, we extract patches around all the detections of 30
frames distributed among 3 different videos, resulting in around 30k
training patches.

We use a lightweight ResNet32 [23] architecture. After the last
convolutional layer, adaptive average pooling is used, and a final lin-
ear layer projects the features onto a d-dimensional space. In prac-
tice, we found that d = 50 was sufficient to learn robust identity
embeddings for our biological targets.

A batch size of 512 is used, and the learning rate is set at 0.001.
We use AdamW [24] optimizer with a weight decay of 0.01 to reduce
overfitting and momenta set to 0.9 and 0.999. The CNN is trained
for 30,000 steps.

2.2. Multiple Hypothesis Tracking with Visual Features
2.2.1. Problem formulation

We design a MHT tracking algorithm that integrates our learned
identity features, in order to preserve the target visual identity
through the optimization process. Formally, on each image I, the
detection algorithm produces M, detections Z; = {zt}jwtl, where
z] € R? is the pixel-wise localization of the j" detection. Ad-
ditionally, each detection zi is characterized by a feature vector
f] € R, encoded by our trained CNN encoder ¢. We denote by
Ft = {fJ}Mt and Fy.r = {F;}.

The MHT produces tracks, i.e assignments between detections
We denote a set of N tracks as ['.p = = {vir}Y,, where the in
track vi.p = {’yt}t 1 corresponds to a detection assignment +e
[0, M,] for each frame ¢, where ;=0 indicates that the track is not
assigned to any detection in Z;.

As in previous MHT approaches [[10, [2]], our method estimates
trajectories by maximizing the Maximum A Posteriori (MAP) prob-
ability. In contrast to classical formulations that rely solely on posi-
tional observations Z1.7, our MAP estimator additionally conditions
on learned visual features F4.r. This writes:

I'l.r € argmax P(T'v.z|Z1.r, Fi.7) )
T1.7CUT)

where Q(T) is the set of all feasible assignments. As Q(7T") grows
exponentially with time, the exact optimization is intractable, and the
MHT addresses this by solving associations recursively over short
temporal windows of size 7 < T'. Let I'1.+ denote the set of con-
firmed tracks up to frame ¢. For a look-ahead horizon 7, the set of



This work has been accepted for publication by IEEE but has not yet been fully published. A post-print
of this paper will be made available via IEEE Xplore. Copyright may be transferred without notice, after
which this version may no longer be accessible.

feasible track continuations is denoted Q(t+7 | t) and at each frame
t, MHT solves:

I, r € argmax P(Crqr | Zrtpr, Fragr),  (3)

Tiiqr CQEHT]E)

then advances the time index ¢t <— ¢t + 1 and repeatsuptot +7 =T

We use a mixture of Poisson and Bernoulli priors on tracks [10,
25]: (1) The number of newly appearing targets on each frame fol-
lows a Poisson distribution; (2) Each active track may die with an
independent Bernoulli model; (3) The number of false positive de-
tections follows a Poisson distribution; (4) Each target may be miss-
detected with an independent Bernoulli model.

Moreover, given the assignments I'1.7, we assume that the po-
sition and features of each track is independent of other tracks posi-
tions and features. Under these assumptions, the posterior probabil-
ity can be factorized following:

N t+1
P(Flzt+r | Zl:t+‘r, Fl:t+‘r) X H H g(’ﬁg)f(’ﬁc) (4)

i=1k=1

where g(v}) measures the a-priori on the track (we refer the reader
to more detailed MHT papers [10} 23]) and £(~%) is the per-track
likelihood which will be detailed in the following Section[2:2.2]

Under such factorization, the MHT optimization can be framed
as a multi-dimensional linear assignment problem [25} 26} 2] and
we use the open-source HiGHs optimization solver [27] to find the
optimal tracks prolongation.

2.2.2. Tracks likelihood model

For unassociated tracks at frame ¢, we have £(7{=0) = 1. Other-
wise, for any associated track with v > 0, we denote by z," the po-

sition of its associated detection and by f;’ ©its corresponding feature
vector. We also define the sets of previously assigned measurements
as Z'i:-1 and F'ie-1,

Since our encoder ¢ is position-agnostic, positional and feature-
based components are statistically independent. Formally:

Uyi) =

where p(z) and p(f) denote the likelihood densities of the position
and visual features, respectively, for a single track. In the standard
MHT formulation [10} [2} [26], only the positional likelihood term is
considered. For notational simplicity, in the following we omit the
track superscript 7 when referring to single-target likelihoods.

Pz’ | 27 p(g) | P, ®)

Motion modeling. We adopt the classical near-constant-velocity
(directed) motion model implemented through a Kalman filter [13}
14]). Each target is represented by a hidden position w; € R? and
velocity dw; € R?, forming the state vector x; = (wy, dwt)T.
Kalman filtering enables the recursive estimation [13]] of the hidden
state, as well as the positional likelihood p(z: | Zt,:t—1), Where to
denotes the time of birth of the track.

Feature modeling. Through contrastive self-supervised training
(see Section 2.1, we expect feature embeddings to form compact
clusters in the feature space, with each cluster corresponding to a
distinct target identity. As the visual appearance of a target may
evolve slowly over time, we estimate the current cluster center f,
using an exponential moving average (EMA) with coefficient a:

f‘t = Oéf‘tfl +4 (1 — a)ft = EMAa(ftO;t). (6)

The likelihood of the next feature vector is then modeled as a Gaus-
sian centered on the estimated cluster mean:

p(fesr | figi) = N (fosns £, 05 da), @)

where oy is estimated from the intra-cluster variability in the feature
space.

Since features are expected to form distinct clusters, we define
the initial prior as:

1
p(fto | @) = TMN(ftou ft07 O-\?isld)a (8)

which approximates a uniform mixture over 2M; potential cluster
centers, where M, is the number of targets detected in the first frame.
We found this approximation to be both efficient and robust in prac-
tice.

3. EXPERIMENTS AND RESULTS
3.1. Datasets and Evaluation

We evaluated VISUALMHT on challenging neuron-tracking datasets.
Tracking neurons in behaving animals is particularly demanding due
to large non-rigid deformations, abrupt global motion, and high tar-
get density.

Trase-IN. We first evaluated our method on TdTomato-labeled
fluorescence recordings of the freshwater polyp Hydra vulgaris,
where TdTomato fluorophores mark neuronal nuclei (see Figure |I|)
The publicly available Trase-IN data [20] consist of six time-lapse
sequences of 1000 confocal fluorescence frames (1024 x 1024 pix-
els). Since no ground-truth annotations are available, we performed
a manual evaluation procedure. Each algorithm was run on a 100-
frame sequence corresponding to a contraction event of the Hydra.
We randomly selected 100 tracks spanning the entire sequence and
visually inspected them. A track was considered erroneous if it
switched between two distinct neurons at any point in time. We
then computed the proportion of correct tracks for each tracking
algorithm. Neuron detections were obtained using the StarDist
detector [3] provided in Trase-IN [20].

SINETRA. To further assess generalization and quantitative
performance, we evaluated VISUALMHT on synthetic datasets
generated with the SINETRA simulator [19]. We focused on 2D
scenarios, where each video sequence consists of 7" = 200 frames
at a resolution of 1024 x 1024 pixels, containing approximately
N ~ 800 targets to track. Tracking accuracy was quantified using
the Higher-Order Tracking Accuracy (HOTA) metric [28]], which
jointly evaluates detection, localization, and association perfor-
mance. We adopted a matching tolerance of 2.0 pixels, as larger
deviations would compromise downstream analyses. For each
experimental setting, five videos were generated with identical
parameters but different random seeds. We report the mean and
standard deviation of HOTA scores across these five videos. In
SINETRA, detections were obtained using the wavelet-based spot
detector [4]. To ensure fair comparison, all methods employed the
same post-processing step based on the Rauch—Tung—Striebel (RTS)
smoother [29] to refine trajectory localization.

3.2. Evaluated algorithms

We compared VISUALMHT with several state-of-the-art biological
tracking algorithms (see Table [I): First, we benchmarked against
TRACKMATE [30] from the Fiji software [31]], a widely used bioim-
age tracking tool based on a two-step Linear Assignment Problem
(LAP) optimization that approximates an MHT formulation. We em-
ployed its advanced directed Kalman filter configuration. Closest to
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Method Motion Model  Optimization Cost
TRACKMATE [30] Directed LAP Euclidean
EMHT [2] IMM MHT (7=3) Posterior
KOFT [13] Directed + Flow LAP Likelihood
VISUALMHT Directed MHT (7=3) Posterior (with visual)

Table 1. Overview of the evaluated tracking methods and their main
characteristics.

VisualMHT

Fig. 3. Neuron tracking in Hydra vulgaris during a 100-frame con-
traction sequence. For each algorithm, 100 randomly sampled tracks
were manually validated. Tracks without any identity-switching er-
rors are shown in green, while erroneous tracks are highlighted in
red.

our framework, we included EMHT [2], an efficient implementa-
tion of Multiple Hypothesis Tracking for biological targets. While
EMHT provides robust motion handling with an Interactive Multiple
Model (IMM) filter, it does not incorporate visual identity features.
Finally, we evaluated the recent KOFT [13] algorithm, which com-
bines Kalman filtering with optical flow to handle large and abrupt
displacements, and solves data association through a dedicated LAP
optimization.

For all experiments, we used consistent parameter settings
across methods when applicable. In particular, the Kalman filters
are set with a detection noise of 1.0 pixel and a motion uncertainty
of 2.0 pixels. The visual feature variance is estimated at oyis = 0.4
and the feature cluster mean is computed with an EMA smoothing
factor « = 0.5. For MHT approaches, we use a sliding window
size of 7 = 3, effectively considering two additional frames over
LAP-based approaches. The experiments and code are available at
https://github.com/bia-pasteur/visual_mht!.

3.3. Results

Figure [3| illustrates qualitative results on Hydra vulgaris. Our
method substantially improves the accuracy of neuron tracking
during rapid contractions. The encoder ¢ learns robust identity
embeddings that are effectively leveraged by the MHT framework
to maintain track consistency. On the same 100-frame sequence,
EMHT [10], KOFT [13], and our VISUALMHT produced com-
parable numbers of long trajectories (623, 586, and 595, respec-
tively), defined as tracks persisting for at least 90 frames. However,
manual evaluation of 100 randomly selected tracks revealed 23
identity-switching erroneous tracks for EMHT, that are reduced
to 6 for KOFT thanks to its refined motion model. In contrast,
VISUALMHT achieved only a single erroneous track, highlighting
the benefit of incorporating visual identity features for biological
targets.

On the SINETRA synthetic benchmark [19], where targets ex-
hibit low signal-to-noise ratios and weakly distinctive appearances

Scenario | Springs2D | HydraFlow || FPS
TRACKMATE [30] 83.7£3.6% | 71.5£5.8% 25
EMHT [2] 86.9+3.7% | 80.7+7.3% 2
KOFT [13] 94.34+1.0% | 89.8 +2.5% 10
VISUALMHT (ours) | 96.4 +0.7% | 93.9 +1.5% 5

Table 2. Tracking performance (HOTA at 2 pixels tolerance [28]])
on SINETRA synthetic datasets. Frame rates (FPS) are measured on
the same laptop and exclude the detection stage.

(see Figure[l), we expected visual features to be less discriminative.
Nevertheless, the proposed self-supervised augmentations enabled
the encoder to learn invariant identity representations, allowing VI-
SUALMHT to outperform all competing methods. Table [2] reports
the quantitative HOTA scores. While EMHT surpasses TRACK-
MATE due to its more robust multiple-hypothesis association, and
KOFT achieves strong results by integrating optical flow, our VI-
SUALMHT further improves performance by leveraging learned ap-
pearance features. It achieves 96.4% on the Springs 2D scenario and
93.9% on Hydra Flow, surpassing KOFT’s previous state-of-the-art
performance (94.3% and 89.8%, respectively). Although the rela-
tive gain on SINETRA is smaller than on real data—likely due to
less distinctive simulated appearances—the trend confirms the con-
sistent benefit of integrating visual features.

Finally, we compared runtime performance on a Lenovo Legion
laptop equipped with an RTX 2070 GPU. TRACKMATE remains the
fastest approach, processing 25 frames per second (FPS). KOFT
achieves 10 FPS because of the additional optical flow computation.
MHT-based methods are more computationally demanding due to
the size of the hypothesis trees: EMHT runs at 2 FPS, while our
VISUALMHT reaches 5 FPS. Interestingly, the integration of vi-
sual embeddings improves pruning efficiency within MHT, reduc-
ing the number of active hypotheses and compensating for the added
feature-extraction overhead.

4. CONCLUSION

We presented VISUALMHT, a fully Bayesian Multiple Hypothe-
sis Tracking framework that integrates self-supervised visual fea-
tures to preserve target identity in biological imaging. By combining
probabilistic motion modeling with learned appearance embeddings,
our method improves both tracking accuracy and computational ef-
ficiency through early pruning of unlikely hypotheses.

VISUALMHT achieves state-of-the-art performance on both
synthetic (SINETRA) and experimental (Hydra vulgaris) datasets,
demonstrating its robustness under severe motion, high target den-
sity, and low signal-to-noise conditions.

Currently designed for 2D imaging and validated on neuron-
tracking datasets, the proposed tracking framework will be extended
to 3D data, and thanks to its self-supervised training scheme, we
expect its generalization to broader biological tracking applications.
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