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Abstract

Cell tracking is a key computational task in live-cell mi-
croscopy, but fully automated analysis of high-throughput
imaging requires reliable and, thus, uncertainty-aware data
analysis tools, as the amount of data recorded within a sin-
gle experiment exceeds what humans are able to overlook.
We here propose and benchmark various methods to rea-
son about and quantify uncertainty in linear assignment-
based cell tracking algorithms. Our methods take inspira-
tion from statistics and machine learning, leveraging two
perspectives on the cell tracking problem explored through-
out this work: Considering it as a Bayesian inference prob-
lem and as a classification problem. Our methods admit a
framework-like character in that they equip any frame-to-
frame tracking method with uncertainty quantification. We
demonstrate this by applying it to various existing tracking
algorithms including the recently presented Transformer-
based trackers. We demonstrate empirically that our meth-
ods yield useful and well-calibrated tracking uncertainties.

1. Introduction
Uncertainty-aware cell tracking is a key requirement for
fully automated data analysis of high throughput live-cell
microscopy (LCM) data, where images often contain hun-
dreds or thousands of almost indistinguishably looking,
moving, growing and dividing cells and where temporal
resolution of the time-lapses is limited by biological and
technical considerations such as phototoxicity [38] or cam-
era movement speed in multi-colony setups [34]. LSCM
enables researchers to analyze cellular behavior beyond
the population level, revealing dynamics, development and
multi-species interactions [4, 5, 8]. The recent advances
in computer vision, mainly driven by the success of deep
learning and ever-improving computational resources, form
a substantial pillar of modern LCM analyses, as the amount
of data collected in a single experiment exceeds what hu-
mans are able to overlook [17, 34, 44].

A2:

t0 t1 t2

or

A1:

t0 t1 t2

Figure 1. Example of ambiguity in two different assignment so-
lutions A1 and A2 caused by the similar appearance of cells and
missing frames. Assignments are color-coded, i.e. cells in frame
t2 with the same color as those in t0 are considered daughters of
the latter. Standard tracking methods yield point estimates, i.e.
they will choose either solution, but not report any uncertainty
caused by the ambiguity in choosing the correct mother for the
cell marked by the red arrow.

Commonly, a data analysis pipeline for LCM data con-
sists of a two-step procedure referred to as the Tracking-
by-Detection (TbD) paradigm [10, 12, 22, 32, 33]. Cells
first get detected and segmented using a deep learning
model [7, 21, 31, 33, 36, 40] before being tracked across
a sequence of images. Up until recently, tracking was
most often solved using hand-crafted heuristics like nearest
neighbor associations or linear assignments on overlap- or
distance-based cost matrices. More recent methods replace
such hand-crafted cost functions by ones learned from data
[1, 12], having shown great generalization performance.

The strong reliance on computational tools demands for
high reliability and trustworthiness, which is improved by
uncertainty-aware analyses aiming to reliably estimate the
confidence in their own predictions. While over-confidence
in deep neural networks encountering distribution shifts is
a commonly known issue in the deep learning community
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[14, 19], uncertainty estimation as a remedy has – so far –
attracted only little attention in cell tracking.

In this paper, we strive to make cell tracking more reli-
able by complementing it with uncertainty estimation. To
this end, we explore two perspectives on the tracking prob-
lem, considering it as a Bayesian inference and as a classi-
fication problem. Our Bayesian perspective gives rise to
the cell tracking posterior, motivating sampling and ap-
proximate sampling methods for uncertainty quantification,
which however come at increased computational costs. The
classification perspective provides less costly, nevertheless
useful alternatives to quantify uncertainty. Moreover, the
classification perspective also provides tools to evaluate
and calibrate uncertainty estimates using known techniques
such as temperature scaling [14]. Notably, the methods
under consideration are applicable to the large family of
linear assignment-based tracking methods, which are em-
bedded naturally within our framework. We demonstrate
this by testing our methods on various tracking algorithms,
namely distance- [6, 10], overlap- [10], and activity-based
cell tracking [32] as well as a novel, recently presented
Transformer-based cell tracking algorithm [12]. Our re-
sults show that, indeed, vanilla cell tracking algorithms tend
to be overconfident, especially at low temporal resolution,
though their uncertainties still prove useful in that they pos-
itively correlate with the tracking performance. Moreover,
we show that the methods developed in Section 2 improve
the calibration of uncertainty estimation in cell tracking.
Most notably, temperature scaling [14] turns out to be a
cheap, but useful method to greatly improve calibration of
tracking uncertainty if ground truth tracking data is avail-
able.

2. Probabilistic Cell Tracking
A major contributor to uncertainty in cell tracking are low
frame rates at which microscopy images are often acquired
(cf. Figure 1). The frame rate is often limited by technical
or biological factors, like e.g. camera and stage movement
speed [34] or phototoxicity [38]. For fast growing organ-
isms, especially microbes, this becomes an issue when the
dynamics within the population become too fast to allow
for unambiguous tracking [28, 37]. We sketch the issue by
means of an illustrative example in Figure 1, where one of
the daughter cells (indicated by red arrows) is located such
that a solely position-based association to the mother cell
becomes ambiguous. In such a case, an off-the-shelf assign-
ment solver will yield either of the two solutions, possibly
choosing the wrong one, but remaining unaware of the alter-
native solution, and hence being unreliable. An uncertainty-
aware cell tracking algorithm on the other hand should be
able to express its uncertainty about the generated solution,
e.g. in terms of a confidence score, indicating the ambigu-
ity of the given problem. In the following, we introduce

and discuss techniques for estimating the uncertainty in cell
tracking.

2.1. Cell Tracking as Bayesian Inference Problem
Our consideration of the cell tracking problem starts with
two consecutive frames of a microscopy image sequence
with detections X t,X t′ at times t < t′ such as exemplarily
shown in Figure 2a. At the core of most cell tracking algo-
rithm lies the choice of a cost function w : X t ×X t′ → R+.
Assuming xi, x

′
j denote the positions of the cells in frame t

and t′, respectively, i.e. xi, x
′
j ∈ Rd with d = 2 or d = 3

typically, the commonly used cost function

wL2(xi, x
′
j) =

λ

2
∥xi −x′

j ∥22 (1)

is equivalent to assuming that cells behave in a Brownian
fashion [6], i.e.

x′
j = xi + ϵ, for ϵ ∼ N (0, λ−1I) (2)

with λ being a hyperparameter representing the movement
speed. From this we derive the likelihood P(x′

j | xi) of ob-
serving cell xi from the frame at time t at the position x′

j in
the next frame at time t′.

Recently, cost functions have also been implemented by
means of neural networks [1, 12], allowing to learn them
from data rather than handcrafting them. Many of those
techniques follow a simple paradigm, where a neural net-
work is used as a feature extractor fθ : X → Rd with learn-
able parameters θ, that maps arbitrary cell detections and
its features X to some continuous latent space [1, 12]. The
neural network-based cost function is then computed as

wNN(xi, x
′
j) =

1

2
∥ fθ(xi)− fθ(x

′
j)∥22. (3)

In the case of multiple cells x1, . . . , xm ∈ X t and
x′
1, . . . , x

′
n ∈ X t′ , we aim to find an assignment A ∈

P(X t ×X t′), such that every mother cell is represented at
most twice and every daughter cell is represented at most
once. We denote the subset of all assignments that adhere
to those constraints as A* ⊂ P(X t ×X t′), the biologi-
cally feasible assignments (cf . Figure 2b). The common
approach to solve for a single assignment is to optimize the
joint likelihood of observing cells X t′ given X t and an as-
signment A, i.e.

Aopt := argmax
A∈A*

P(X t′ | X t, A) (4)

= argmax
A∈A*

∑
(xi,x′

j)∈A

−w(xi, x
′
j)−mwa − nwd (5)

where m and n are the numbers of appearing and disap-
pearing cells, −wa and −wd are the respective log prob-
abilities of the events, and w(xi, x

′
j) is some chosen cost
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X t = { , , } X t′ = { , , , , }

(b)

A*

P(X t ×X t′)

(c)

A*

P(A | X t,X t′)

{pk}Kk=1, Eq. (11)

→

Edge proba-
bilities P ,
Eq. (10)

Figure 2. Schematic presentation of our Bayesian perspective and inference method for uncertainty-aware cell tracking. (a) depicts the
detections X t,X t′ of two consecutive frames, which are the input to tracking methods from the TbD paradigm. (b) The set of biologically
feasible assignments A* forms a subset within the set of all possible many-to-many assignments. (c) Sorting assignment solutions by
their posterior density we approximate the full posterior by a set of the K most plausible solutions. Edge probabilities are estimated as
self-normalized importance-weighted average (cf . Equation (11)).

function like those from Equation (1) & (3) or Appendix B.
A detailed derivation of Equation (4) & (5) is given in Ap-
pendix A. Conveniently, Equation (5) is the solution of a
linear assignment problem (LAP).

Considering that the structure of the solution A ∈ A*,
i.e. its biological feasibility, is known a priori without
the need for any actual observations, the formulation from
Equation (4) lends itself nicely to a Bayesian interpretation
with Aopt being the maximum a posteriori (MAP) estimate
of the posterior distribution of assignments

P(A | X t′ ,X t) =
P(X t′ | X t, A)P(A)∑

A∈A P(X t′ | X t, A)P(A)
, (6)

where we choose the uniform distribution over valid assign-
ments A* as prior distribution, P(A) := 1{A∈A*}

/
| A* | .

Given this cell tracking posterior distribution, we obtain
the predictive distribution of the event that xi is the mother
of x′

j

Pij := P((xi, x
′
j) ∈ A | X t,X t′) (7)

=
∑

A∈A*

1{(xi,x′
j)∈A} P(A | X t,X t′) (8)

as the weighted frequency of xi being the mother of x′
j

among all possible solutions, where we drop the explicit
dependence on the t-th and t′-th frame for brevity in Pij .
Based on the close connection between the LAP and that of
finding maximal weight matchings in bipartite graphs, we
refer to a daughter-mother pair (xi, x

′
j) as an edge (cf . Fig-

ure 2).

2.1.1. Bayesian Inference on Assignments
The Bayesian formulation of cell tracking given in Equa-
tion (6) suggests to sample said posterior instead of just
obtaining a single solution maximizing its density. This
idea is also known as joint probabilistic data associa-
tion [9]. Given a set of K assignments A1, . . . , AK ∼

P(A | X t,X t′) sampled from the posterior distribution in
Equation (6), we may estimate the predictive posterior from
Equation (7) as

Pij ≈
1

K

K∑
k=1

1{(xi,x′
j)∈Ak}. (9)

Few works have considered the arising sampling problem
thus far within the context of cell tracking. The close
connection of solving Equation (5) and bipartite maximum
weight matching observed in [32] suggests to use Markov
chain Monte Carlo algorithms for sampling assignments.
Alternatively, as A* is a finite set, one can solve Equa-
tion (7) exactly by means of enumerating the solution set
A*. The size of A*, however, is at least O(N !) with
N = min{| X t |, | X t′ |}. Nevertheless, enumeration of the
top-K best solutions to an LAP is possible [29] and offered
by commercial LAP solvers like Gurobi. This allows
to estimate Equation (7) by means of the self-normalized
importance-weighted estimator [39]

Pij ≈
K∑

k=1

1{(xi,x′
j)∈Ak} · pk, (10)

with weight

pk :=
P(X t′ | X t, Ak)P(Ak)∑K
l=1 P(X t′ | X t, Al)P(Al)

, (11)

for k = 1, . . . ,K and where we now assumed A1, . . . , AK

to be the top-K best solutions. We sketch this method in
Figure 2c.

2.1.2. Feature Perturbations
An alternative approach to create a set of K candidate solu-
tions, which mitigates the problem of sampling or enumer-
ating the set of valid assignments, is feature perturbation.
Inspired by test-time augmentation [18, 27, 42, 43], we re-
sample cellular features x̂ ∼ Q(x̂ | x) from some noise
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distribution Q conditional on the actual observations. A
simple example of a noise distribution for positional fea-
tures is a Gaussian perturbation centered on the cell detec-
tions, i.e. x̂ ∼ x+ϵ with ϵ ∼ N (0, γI). Given K sets of

perturbed features X̂
(1)

t , . . . , X̂
(K)

t and X̂
(1)

t′ , . . . , X̂
(K)

t′ for
each frame t, t′, i.e. were the features of each cell have been
resampled from the noise distribution, we solve the corre-
sponding assignments using the perturbed features to obtain
an ensemble of K assignment solutions A1, . . . , AK . Simi-
lar to the approach from Section 2.1.1, we use that ensemble
of solutions to construct a Monte Carlo estimator

Pij ≈
1

K

K∑
k=1

1{(xi,x′
j)∈Âk}, (12)

with Âk := argmaxA∈A* P(X̂
(k)

t′ | X̂
(k)

t , A) to obtain a
confidence score for any particular mother-daughter rela-
tionship. We sketch this method in Section 2.1.3. Note that
this approach requires the solution of K assignment prob-
lems. As a heuristic alternative, we also investigate per-
forming the aggregation over the K perturbed samples be-
fore solving the assignment, i.e. we solve the LAP for the
mean cost function

ŵ(xi, x
′
j) =

1

K

∑
(x̂i,x̂′

j)∈X̂

w(x̂i, x̂
′
j) (13)

only once. Since for this approach we cannot count the fre-
quency of given edges in the perturbed solutions as in (12)
before, we apply the classification-based approach intro-
duced in Section 2.2 to get probabilistic confidence scores.

2.1.3. Bayesian Neural Perturbations
A key question in the feature perturbation approach is the
specific choice of noise distribution Q and its parameters,
e.g. the variance γ in our previous example of a Gaussian
perturbation of the positions. A particularly interesting ap-
proach to this question can be derived from a probabilistic
perspective at the feature extraction. More specifically, if
we have access to a stochastic feature extractor, we may use
its predictive distribution as our noise distribution Q. For
this, we consider the feature extractor to be a neural network
fθ : I → Rd mapping raw images from the image space I
to some latent space Rd. The neural network in this case
may either be a segmentation model [21, 31, 33, 40, 41] or
the neural network from the earlier discussed cost function
in Equation (3).

One conceptually attractive framework to obtain proba-
bilistic predictions from the neural feature extractor is that
of Bayesian neural networks [24]. Given some loss function
ℓD(θ) over some dataset Dwith which the neural network is
trained, we consider the posterior distribution

π(θ | D) ∝ L(D | θ) · p(θ) (14)

Perturbed features
sampled from Q Solutions Â

t t′

→

t t′

→

t t′

→ Edge proba-
bilities P ,
Eq. (12)

Figure 3. Schematic presentation of the feature perturbation ap-
proach. As an example, we perturb segmentation masks by shift-
ing them randomly, which defines a particular noise distribution
Q. For each perturbed pair of frames we compute the correspond-
ing assignment solutions Â. The posterior edge probability is ap-
proximated as the frequency at which an edge appears in the per-
turbed solutions.

of the neural network parameters θ. We do so by rein-
terpreting the loss as the negative log-likelihood ℓD(θ) ∝
− logL(D | θ) and choosing a prior distribution p(θ) over
neural network parameters. Since the posterior distribu-
tion π(θ | D) of neural networks is generally intractable in
practice, one has to use an approximation instead. Typi-
cal approximation techniques are mean-field variational in-
ference [3, 13], Monte Carlo Dropout [11] or Laplace ap-
proximations [20, 23]. Given the resulting approximate,
but tractable surrogate posterior q(θ), the predictive dis-
tribution of the Bayesian neural network is approximated
by generating an ensemble {fθk}Kk=1 with θk ∼ q(θ) for
k = 1, . . . ,K} of differently parametrized neural networks
sampled from q(θ).

For feature perturbation in cell tracking, we use the en-
semble to generate a discrete distribution of features using
the neural network ensemble. For the neural network-based
cost function (cf . Equation (3)), the varying parametriza-
tion of the neural networks results in feature perturbation in
the latent space onto which the neural network encodes the
incoming features.

2.2. Cell Tracking as Classification Task
Given that sampling or enumeration of solutions to the
LAP problem from Equation (5) is costly and can, thus,
become infeasible, we search for alternative approaches
to perform uncertainty quantification in tracking. In this
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Mothers Daughters
t t′

P·| = (P | , P | , P | )

t t′

P·| = (P | , P | , P | )

→

X t′

Figure 4. Two example DBMC class distributions. The blue cell
from frame t′ is located between the blue and orange cells from
frame t, thus assuming distance-based tracking this results in high
probability to be daughter of either of the two cells. In contrast,
the purple cell is almost in the exact some spot as the blue cell is
in frame t, resulting in high probability only for that mother.

section, we view the tracking problem as a classification
problem, which recently has been leveraged to learn cost
functions w : X t ×X t′ → R by means of neural net-
works [1, 12]. We consider the classification perspective
to leverage known techniques for uncertainty quantification
and calibration for the cell tracking problem.

2.2.1. Daughter-based Mother Classification
Cell tracking can be viewed as a multi-class classification
problem by considering the problem of choosing the right
mother for each individual daughter, which we refer to as
daughter-based mother classification (DBMC). That is, for
your favorite daughter x′

j ∈ X t′ , the classes are just the
mothers X t from the preceding frame. The class – or rather
mother – probabilities are obtained by performing daughter-
wise softmax normalization of the predicted costs

Pi|j = P((xi, x
′
j) ∈ A |x′

j ,X t,X t′) (15)

=
exp

{
−w(xi, x

′
j)
}∑

x∈X t
exp

{
−w(x, x′

j)
} . (16)

From a generative perspective, this distribution could be
used to sample daughter-mother associations. By construc-
tion, this approach guarantees that every daughter does in-
deed choose only at most one mother, but it does not guar-
antee that every mother has at most two daughters, as more
than just two daughters might choose the same mother.

The DBMC perspective enables straightforward setup of
training pipelines for neural network and other parameters
involved in the design of the cost function w, as has been
done in [12]. Moreover, as we elaborate below, we can in-
terpret the softmax probabilities Pi|j from Equation (15) as

confidence scores, enabling their usage for uncertainty esti-
mation.

In practice, using the parental softmax recently proposed
by Gallusser and Weigert [12] is recommended to handle
appearing cells, that e.g. enter the image across its bor-
der. We discuss the statistical assumptions introduced from
parental softmax in Appendix C.

Finally, the DBMC approach is also compatible to the
Bayesian approaches from Section 2.1 by simply column-
normalizing the edge probabilities Pij from Equation (10)
and Equation (12), i.e.

Pi|j =
Pij∑
k Pkj

. (17)

2.2.2. Calibration
A typical measure to assess the reliability of uncertainty-
aware predictions is calibration. A classifier producing a
prediction y with attached confidence score s ∈ [0, 1] is said
to be perfectly calibrated, if the confidence score matches
the empirical probability of the result to be correct [14], i.e.
the probability to have the correct result y∗ should be ex-
actly s, i.e.

P(y = y∗ | s) = s. (18)

The lack of calibration is quantified by considering the ex-
pected calibration error (ECE) [14]

E [|P(y = y∗ | s)− s|] . (19)

In practice, calibration has to be assessed by binning pre-
dictions based on the confidence score as presented in [14].

In order to consider calibration in cell tracking, we lever-
age the introduced DBMC perspective. That is, given a
predicted daughter-mother pair (xi, x

′
j) ∈ A, the confi-

dence on this decision is given as the mother probabil-
ity Pi|j . Note that this is readily applicable not only to
the DBMC approach based on the cost matrix as in Equa-
tion (15), but also to the Bayesian treatments based on the
column-normalization from Equation (17). However, since
the Bayesian treatments generate distributions of solutions,
rather than a single solution, it may remain ambiguous what
we consider a ’prediction’. A natural candidate in this set-
ting is to consider the MAP estimate Aopt from Equation (4).

2.2.3. Temperature Scaling
A widely used post-hoc technique to improve calibration of
classifiers is temperature scaling [14], which introduces a
temperature parameter τ > 0, s.t.

Pi|jτ =
P τ
ij∑

k P
τ
kj

. (20)

The exponent τ is computed by optimizing the cross en-
tropy loss between predicted and true class distribution [14].
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It is worth noting that temperature scaling for the
distance-based cost function wL2 from Equation (1) effec-
tively scales the variance of the Brownian motion (cf . Ap-
pendix B). For other cost functions that are based on a p-
norm distance between possibly latent cell features, as e.g.
in Equation (3), it also scales the variance of the implicitly
assumed generalized normal likelihood function P(x′

j | xi)
of said latent features (cf . Appendix B).

2.2.4. Quantifying Tracking Uncertainty
In the DBMC approach, we use the conditional probability
Pi|j as the probability for xi being the mother of a given cell
x′
j among all candidates X t. Given an assignment solution

A, then the probability for any edge – a daughter-mother
pair – to be correct is just the probability Pi|j and thus a
low probability is linked to high uncertainty.

An alternative approach to quantify the uncertainty
within DBMC is to consider the daughter-wise entropy

Hj = −
∑
i

Pi|j logPi|j (21)

of the conditional distribution Pi|j . High entropy means
that the distribution is closer to uniformity and, thus, the
decision is ambiguous [15]. However, since entropy is not
a probability, it does not fit into the earlier discussed cal-
ibration framework. Nevertheless, entropy can be used as
a decision criterion to distinguish possibly erroneous deci-
sions from correct ones.

3. Related Work
This work is not the first to address cell tracking in terms
of probabilistic methods. Already the seminal work by
Crocker and Grier [6] phrased tracking as a maximum like-
lihood problem assuming Brownian particle motion. In this
work, we challenge this viewpoint, arguing that the com-
monly used methods are rather to be seen as inferring a
Bayesian MAP estimate, which not only nicely accommo-
dates biological feasibility within the prior distribution, but
also lays the foundation to argue about uncertainty in the
tracking solution using the arising posterior distribution.

Work by Theorell et al. [37] and Kaiser et al. [16] is close
to ours in that they also model tracking uncertainty by keep-
ing track of multiple possible tracking hypotheses. Never-
theless, our work differs from theirs substantially in that we
provide a very general framework for probabilistic tracking
under a Markov assumption, i.e. independence between the
tracking solutions from frame t to t+1 and those from t+1
to t+2. In contrast, Theorell et al. [37] and Kaiser et al. [16]
specifically overcome the Markov assumption by informing
the cost function for frame t to t + 1 based on the set of
tracking hypotheses for all frames up to time t.

Concurrently to our work, Betjes et al. [2] presented a
method for “cell tracking with accurate error prediction”

Table 1. Overview of our methods for probabilistic cell tracking:
Softmax’ing (SM), Feature Perturbation (FP), Feature Perturba-
tion with Assignment (FP+A) and Assignment Sampling (AS). For
all methods, we also test using temperature scaling, denoted by a
trailing +TS in the abbreviation. To refer to temperature scaling in
general, we use TS .

Method Pij cf . Eq.

SM exp
{
−w(xi, x

′
j)
}

(15)

FP exp
{
−ŵ(xi, x

′
j)
}

(13)

FP+A K−1
∑K

k=1 1{(xi,x′
j)∈Âk} (12)

AS
∑K

k=1 1{(xi,x′
j)∈Ak} · pk (10)

SM+TS exp
{
−τw(xi, x

′
j)
}

(15), (20)

FP+TS exp
{
−τŵ(xi, x

′
j)
}

(13), (20)

FP+A+TS
(
K−1

∑K
k=1 1{(xi,x′

j)∈Âk}

)τ
(12), (20)

AS+TS
(∑K

k=1 1{(xi,x′
j)∈Ak} · pk

)τ
(10), (20)

where link likelihoods predicted by a neural network are
calibrated by enumerating alternative assignment solutions
within a small neighborhood of adjacent cells and applying
temperature scaling. Our work generalizes their approach
to a wider family of tracking algorithms based on our plug-
and-play-like framework. Moreover, we evaluate uncer-
tainty estimation based on the DBMC approach, whereas
Betjes et al. [2] do so by treating tracking as a binary edge
classification problem. Finally, their local enumeration al-
gorithm may be a promising alternative to the global enu-
meration method used within this work in Section 2.1.1.

Approaching cell tracking as a multi-class classification
problem has been considered before [12]. We build upon
that idea to quantify tracking uncertainty and calibration,
which to the best of our knowledge has not yet been consid-
ered. In addition, we give some statistical considerations on
the parental softmax introduced in [12].

4. Experimental Evaluation & Discussion
Our methods for complementing cell tracking with uncer-
tainty quantification work as a framework, which accommo-
dates existing linear assignment-based TbD algorithms by
simply specifying the corresponding weight function w. In
the following experimental evaluation, we consider activity-
based [32], distance-based [6, 10], overlap-based [10], and
Transformer-based tracking [12], each defining a different
cost function w (cf . Appendix B). We test the different
methods introduced in Section 2 and summarized in Table 1.

For the feature perturbation-based methods, we use
Gaussian perturbations of the cell centers with variance
γ = 0.1 for the distance- and activity-based algorithms, a
randomized inflation or deflation of the cell area by thick-
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Figure 5. (a) Mean ECE and standard error thereof across datasets at decreasing temporal resolution. (b) Box plots showing the distributions
of optimized temperatures at decreasing temporal resolution. For non-tempered methods, the temperature is log τ = 0, implicitly.

ening or thinning the cell borders for the overlap-based al-
gorithm, and a Bayesian version of the Transformer-based
algorithm using MC Dropout [11]. For the latter, we test
dropout rates 0.5, 0.25, and 0.125. For the assignment sam-
pling and feature perturbation strategy we take K = 10
samples.

The datasets under consideration are 2D datasets from
the Cell Tracking Challenge [25, 26] and a publicly avail-
able dataset with five fully annotated time-lapse sequences
of microbial colonies [34]. We used the ground truth seg-
mentations as detections for the tracking, thus assuming
perfect segmentation, isolating the effect of uncertainty in-
trinsic to the tracking problem. Since each dataset consisted
of at least two sequences, we split all datasets such that one
sequence was used for temperature scaling (where applica-
ble) and the remaining sequences were used to evaluate our
methods. Moreover, to simulate low temporal resolution,
we also subsample the sequences by only considering every
10th, 30th, and 50th image from a time-lapse sequence.

4.1. Calibration

We focus our evaluation on the question of whether our
approaches to uncertainty-aware tracking are capable of
reporting ’useful’ uncertainties. Calibration (cf . Sec-
tion 2.2.2) tests for a one-to-one correspondence between
estimated confidence and empirically achieved average ac-
curacy. Thus, for a well-calibrated predictor, the estimated
confidence is a predictor of the chance for the result to be
correct. In Figure 5a, we depict the expected calibration
error (ECE) averaged across the used datasets of our meth-
ods for various tracking algorithms and for varying tempo-
ral resolution. Most notably, we observe that temperature
scaling (TS ) almost always improves the ECE of any of
our uncertainty-aware tracking methods, especially at the
lowest temporal resolutions tested. The AS+TS method
yields particular good calibration across all tested algorithm
and temporal resolutions.

For all non-tempered methods, except for SM and FP
using the Transformer-based tracking, we do observe de-
clines in calibration as the temporal resolution decreases. A

possible explanation for the described decline in calibration,
visible by an increase in ECE, may be our earlier consider-
ation that the temperature represents the average squared
displacement across time, as we discussed for the distance-
based tracking (cf . Section 2.2.3 & Appendix B.1). Hence,
as the temporal resolution decreases, the average squared
displacement between images increases and thus the im-
plicitly assumed temperature of τ = 1 does not match to
the increasing squared displacement.

We verify this explanation by comparing the optimized
temperature to the mean squared displacements observed at
given temporal resolution in Figure 9, which, indeed, sug-
gests a positive correlation between the two. This observa-
tion further implies that improved calibration is achieved if
the Brownian motion model underlying the distance-based
tracking also models the motion’s variance correctly, which
is usually neglected. Moreover, for the other tracking al-
gorithms, where the temperature parameter does not admit
a physical interpretation, we depict the distribution of opti-
mized temperatures across datasets against the decrease in
temporal resolution in Figure 5b. As expected, the tempera-
ture raises as temporal resolution decreases, suggesting that
less confident predictions improve calibration in the low
resolution setting. This observation is in line with our in-
tuitive expectations, as even humans struggle with correctly
tracking cells when temporal resolution is low, due to the
possibly large changes inbetween frames.

Interestingly, the increase in temperature is least notable
for the SM and FP methods when using Transformer-
based tracking. The same setups are the only non-tempered
ones to achieve improved calibration as the temporal resolu-
tion declines (cf . Figure 5a). A possible explanation for this
might be that the Transformer-based approach computes its
cost matrices for frame-to-frame associations as the off-
diagonal elements of a multi-frame block-wise cost matrix
(cf . Appendix B) of encoded features. Those features have
been encoded via an attention mechanism and, thus, already
interacted with each other across multiple frames. This al-
lows the Transformer to include multi-frame information
into its feature encoding and finally the cost matrix, thus,
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Figure 6. Mean accuracy improvement across tested datasets and
varying temporal resolution (higher is better) using either the edge-
wise probability or the daughter-wise entropy as a criterion to spar-
sify the prediction, i.e. omit predictions, which exceed a certain
sparsification theshold computed as quantiles over the sparsifica-
tion criterion.

possibly calibrating the costs already based on the multiple,
available frames.

4.2. Sparsification
Another perspective on the ’usefulness’ of uncertainty es-
timates is given by sparsification plots. Intuitively speak-
ing, useful uncertainties are negatively correlated with the
performance of a model, that is, high uncertainty corre-
sponds to erroneous decisions, whereas low uncertainty cor-
responds to correct ones. Sparsification plots analyze this
correlation by gradually removing the most uncertain de-
cisions, while observing the performance of the remaining
more certain ones, which should ideally increase. This type
of analysis has particular relevance for practical applica-
tions of uncertainty estimation, as it allows to estimate pre-
diction improvements and required effort within a human-
in-the-loop approach, where the most uncertain predictions
are corrected manually by an expert.

In Figure 6 we present such sparsification plots, where
we show the average improvement in accuracy across dif-
ferent subsampling factors for our various uncertainty esti-
mation methods and tracking algorithms. We refer to Fig-
ure 10 for a more fine-grained presentation of the sparsi-
fication results. Moreover, we measure uncertainty using
either edge-wise probabilities or the daughter-wise entropy
as discussed in Section 2.2.4.

We note that in comparison to ECE (cf . Figure 5a), TS
is less critical to achieve accuracy improvement, especially
when using the daughter-wise entropy for uncertainty esti-
mation. In particular, the FP+A and AS methods exhibit
only slight increases in accuracy improvement when using
TS (cf . FP+A+TS & AS+TS ) on top. However, for
the edge-wise uncertainty estimation, TS is crucial for both
methods and across all tested tracking algorithms in order
to gain any accuracy improvements at all. For the SM and
FP methods on the other hand, TS seems to be only crucial
for the overlap-based tracking. In most other cases, TS does
still yield accuracy improvements, but not as distinct. This

seems to be mostly independent of the uncertainty measure
in use.

In summary, entropy-based uncertainty estimation is less
reliant on TS , and, thus, on annotated training data. A
possible explanation for this might be that the edge-wise
uncertainty estimation before TS does not incorporate any
information on the class probabilities for the alternative
mothers at choice except of a normalization factor, whereas
computing the entropy across those class probabilities does.
Nevertheless, TS does still mostly yield improved sparsi-
fication performance and should be, thus, used, if annotated
training data is available.

5. Conclusion
In this work, we presented methods to quantify uncertainty
in cell tracking caused by the ambiguity arising from low
temporal resolution and high similarity of the objects which
are to be tracked. To this end, we leveraged the two perspec-
tives – as a Bayesian inference and as a multi-class classifi-
cation problem – on cell tracking, which motivate the pre-
sented methods explored in this work. Based on the clas-
sification perspective, we presented approaches to quantify
the reliability of our uncertainty-aware tracking methods in
terms of calibration and sparsification.

Our experimental results indicate that tracking algo-
rithms are not per se well-calibrated, but calibration is
achievable using temperature scaling if annotated tracking
data is available. Nevertheless, we notice that using our pro-
posed daughter-wise entropy approach for quantifying un-
certainty, even the vanilla tracking algorithms can produce
’useful’ uncertainties, i.e. uncertainties that positively cor-
relate with model performance. However, in particular our
approximate Bayesian methods FP+A & AS show im-
proved performance in terms of sparsification and are less
reliant on temperature scaling and, thus, annotated tracking
data, though this comes at increased computational costs
(cf . Figure 7). We give a tabular overview of pros and cons
of the different approaches in Table 2 in the appendix.

5.1. Future Work
Although our experimental results indicate that our meth-
ods do already provide useful uncertainty estimation, we
hope to further inspire the development of uncertainty-
aware tracking algorithms and incorporation of quantitative
evaluation on the usefulness of the estimated uncertainties.

Moreover, tuning hyperparameters of our methods, such
as the noise distribution in the feature perturbation ap-
proaches, which were fixed within this work, motivate the
development of automated hyperparameter tuning pipelines
for our uncertainty-aware tracking methods.
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Tracking One-in-a-Million: Large-Scale Benchmark for Mi-
crobial Single-Cell Tracking with Experiment-Aware Ro-
bustness Metrics. In Computer Vision – ECCV 2024

Workshops, pages 318–334, Cham, 2025. Springer Nature
Switzerland. 1, 2, 7, 14

[35] Yuesong Shen, Nico Daheim, Bai Cong, Peter Nickl,
Gian Maria Marconi, Bazan Clement Emile Marcel Raoul,
Rio Yokota, Iryna Gurevych, Daniel Cremers, Moham-
mad Emtiyaz Khan, and Thomas Möllenhoff. Variational
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