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a b s t r a c t 

Tracking of particles in temporal fluorescence microscopy image sequences is of fundamental importance 

to quantify dynamic processes of intracellular structures as well as virus structures. We introduce a prob- 

abilistic deep learning approach for fluorescent particle tracking, which is based on a recurrent neural 

network that mimics classical Bayesian filtering. Compared to previous deep learning methods for parti- 

cle tracking, our approach takes into account uncertainty, both aleatoric and epistemic uncertainty. Thus, 

information about the reliability of the computed trajectories is determined. Manual tuning of tracking 

parameters is not necessary and prior knowledge about the noise statistics is not required. Short and 

long-term temporal dependencies of individual object dynamics are exploited for state prediction, and 

assigned detections are used to update the predicted states. For correspondence finding, we introduce 

a neural network which computes assignment probabilities jointly across multiple detections as well as 

determines the probabilities of missing detections. Training requires only simulated data and therefore te- 

dious manual annotation of ground truth is not needed. We performed a quantitative performance evalu- 

ation based on synthetic and real 2D as well as 3D fluorescence microscopy images. We used image data 

of the Particle Tracking Challenge as well as real time-lapse fluorescence microscopy images displaying 

virus structures and chromatin structures. It turned out that our approach yields state-of-the-art results 

or improves the tracking results compared to previous methods. 

© 2021 Elsevier B.V. All rights reserved. 
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. Introduction 

Accurate particle tracking is of fundamental importance to 

uantify the dynamic behavior of intracellular structures (e.g., 

hromatin structures, receptors) and virus structures from time- 

apse fluorescence microscopy images. Since the spatial resolution 

f optical microscopy is limited by diffraction, these small struc- 

ures tagged with fluorescent probes appear as blurred spots 

particles) in microscopy images. Manual tracking of fluorescent 

articles from large live cell data sets is not feasible, thus fully 

utomatic approaches are indispensable, which have to deal with 
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ow signal-to-noise ratio (SNR), complex motion behavior, and 

igh object density. Further challenges are out of focus movement, 

almost) indistinguishable object appearance, particle clustering, 

nd photobleaching. 

In previous work on tracking particles in fluorescence mi- 

roscopy images, classical deterministic and probabilistic ap- 

roaches have been introduced. Deterministic approaches comprise 

wo steps: Particle detection and correspondence finding (e.g., 

balzarini and Koumoutsakos, 2005; Collinet et al., 2010; Ruhnow 

t al., 2011; Applegate et al., 2011; Paavolainen et al., 2012 ). While 

eing computationally efficient, these approaches do not take into 

ccount spatial and temporal uncertainties which often leads to 

ifficulties under challenging conditions (e.g., low SNR, high object 

ensity). In comparison, probabilistic approaches follow a Bayesian 

aradigm and define a posterior distribution on the variables de- 

cribing the object state. The posterior can be resolved via a se- 

https://doi.org/10.1016/j.media.2021.102128
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uential Bayesian filter such as the Kalman filter (e.g., Genovesio 

t al., 2006; Yang et al., 2012; Chenouard et al., 2013; Godinez and 

ohr, 2015; Roudot et al., 2017; Ritter et al., 2018 ) or the particle

lter (e.g., Smal et al., 2008; Godinez et al., 2009; Cardinale et al., 

009; Yuan et al., 2012 ). However, probabilistic approaches typi- 

ally require selecting a suitable dynamic model and use prior as- 

umptions about the noise statistics (e.g., image and motion noise), 

hich do not necessarily hold. Moreover, classical tracking meth- 

ds often involve numerous parameters that are difficult to adjust, 

articularly for non-experts, and do not always have a biophysical 

nterpretation. 

Deep learning methods provide state-of-the-art performance in 

arious computer vision tasks including image classification, object 

etection, and segmentation (e.g., LeCun et al., 2015; Greenspan 

t al., 2016; Litjens et al., 2017 ). Approaches for tracking objects 

n video images of natural scenes (e.g., pedestrians, cars) use deep 

earning for different purposes ( Ciaparrone et al., 2020 ). Convo- 

utional neural networks (CNNs) are employed for extracting ap- 

earance features (e.g., Ullah and Alaya Cheikh, 2018 ), for gener- 

ting a discriminative appearance model (e.g., Chen et al., 2016 ), 

or object detection (e.g., He et al., 2017; Ma et al., 2020 ), for

omputing assignment scores (e.g., Chen et al., 2017 ), and for mo- 

ion prediction (e.g., Wang et al., 2017; Hernandez et al., 2019 ). 

ecurrent neural networks (RNNs) are often used to compute as- 

ignment scores between tracklets and detections (or tracklets and 

ther tracklets) (e.g., Milan et al., 2017 ), which typically exploit ap- 

earance features (e.g., Sadeghian et al., 2017; Zhu et al., 2018 ) 

hich can hardly be exploited to track indistinguishable parti- 

les. In Farrell et al. (2017) , CNNs and an RNN are combined for

orrespondence finding between detector hits in simulated high- 

nergy physics data without using prediction and update steps as 

n Bayesian filtering. 

Recently, deep learning methods for tracking biological objects 

n microscopy images have been introduced showing promising re- 

ults. CNNs and RNNs have been used to exploit appearance fea- 

ures for cell tracking (e.g., He et al., 2017; Payer et al., 2019; 

ayashida and Bise, 2019; Nishimoto et al., 2019 ). Since cells (and 

atural objects) are very different from fluorescent particles both 

egarding shape and dynamics, these approaches cannot be directly 

pplied for particle tracking. In addition, appearance features are 

ot a reliable cue for correspondence finding for (almost) indis- 

inguishable particles. Few works employed CNNs for particle de- 

ection in fluorescence microscopy images (e.g., Gudla et al., 2017; 

ewby et al., 2018; Wollmann et al., 2019; Dmitrieva et al., 2019 ). 

n Zhong et al. (2018) , a CNN was used to determine the posi-

ion of individual polystyrene particles along the z-direction of 

pifluorescence microscopy images. Sun and Paninski (2018) pro- 

osed an RNN which approximates the posterior transition prob- 

bility densities to track clathrin-coated pits. However, for corre- 

pondence finding a classical nearest neighbor strategy is used. 

NNs using (past) temporal information for correspondence find- 

ng of fluorescent particles were introduced in Yao et al. (2018) and 

pilger et al. (2018) . Smal et al. (2019) employ a denoising au- 

oencoder and score matching to learn a motion model from data 

ithin a classical multiple hypotheses tracking (MHT) framework. 

pilger et al. (2020) introduced a bidirectional RNN exploiting past 

nd future information as well as multiple track hypotheses for 

orrespondence finding. Yao et al. (2020) described an RNN that 

ses handcrafted and learned features. However, none of these 

eep learning methods takes into account uncertainty, neither in 

he network model (epistemic uncertainty) nor the inherent noise 

n the image data (aleatoric uncertainty). 

Deep neural networks considering uncertainty have been intro- 

uced for natural and medical images for different tasks such as 

egmentation (e.g., street traffic scenes, CT images), disease de- 

ection (e.g., fundus images), super-resolution (e.g., diffusion MR 
2 
mages), and image translation (e.g., CT images to MR images) 

e.g., Leibig et al., 2017; Esser and Sutter, 2018; Kohl et al., 2018; 

anno et al., 2019 ). Since neural networks generally consist of a 

arge number of parameters as well as non-linear activations, com- 

uting the (multi-modal) posterior distribution of a network out- 

ut is intractable. Thus, approximation methods have been intro- 

uced, which are mainly based on Bayesian inference or Monte- 

arlo sampling. Bayesian neural networks represent the parame- 

ers (weights) by probability distributions instead of using sin- 

le values (e.g., Kingma and Welling, 2014; Blundell et al., 2015; 

ernández-Lobato and Adams, 2015; Wang et al., 2016 ). Conse- 

uently, the network outputs can also be represented by proba- 

ility distributions and calculated analytically employing graphical 

odels ( Su et al., 2016 ) or non-linear belief networks ( Frey and

inton, 1999 ). Alternatively, Monte-Carlo sampling can be em- 

loyed. Often, Monte-Carlo samples are obtained using ensem- 

les of neural networks. These ensembles can be generated by 

ifferently trained neural networks (e.g., Lakshminarayanan et al., 

017; Lee et al., 2019 ) or employing dropout during training and 

esting (Monte-Carlo dropout, Gal and Ghahramani, 2016 ). How- 

ver, Monte-Carlo sampling approaches include epistemic uncer- 

ainty (model uncertainty) but not aleatoric uncertainty (data un- 

ertainty). In Kendall and Gal (2017) , Monte-Carlo dropout was em- 

loyed to capture epistemic uncertainty and a standard deviation 

ariable is added to each output to include aleatoric uncertainty. 

one of the above described methods considering uncertainty was 

mployed for object tracking in microscopy images. 

In this contribution, we present a novel deep neural network ar- 

hitecture for tracking particles in fluorescence microscopy images 

hich exploits both aleatoric and epistemic uncertainty. Inspired 

y classical Bayesian filtering, the network learns to predict the 

ext state and to correct the predicted state based on an assigned 

etection. Gated recurrent units (GRUs) ( Cho et al., 2014 ) are used 

o exploit both short- and long-term temporal dependencies of in- 

ividual object dynamics. Epistemic uncertainty is incorporated by 

ariational Bayesian learning using an approximation of the lower 

ound for efficient learning ( Kingma and Welling, 2014; Blundell 

t al., 2015 ), which does not require computationally expensive 

terative inference schemes such as Markov chain Monte Carlo. 

ayesian layers with reparameterization are employed, where pa- 

ameters are represented by Gaussian distributions. During net- 

ork training via variational inference the parameters of these 

robability distributions are learned instead of directly learning the 

etwork weights. To capture aleatoric uncertainty due to the par- 

icle detector and noise of object motion, the network learns es- 

imating the mean and standard deviation of Gaussian distribu- 

ions from which the predicted and updated state can be deter- 

ined. We also introduce a neural network that determines as- 

ignment probabilities for correspondence finding based on the 

uclidean distance between the predicted states and particle de- 

ections obtained by the spot-enhancing filter ( Sage et al., 2005 ) 

nd Gaussian fitting. Assignment probabilities are computed jointly 

cross multiple detections, and probabilities of missing detections 

re also determined. Network training is based on synthetic data 

nly and manually annotated data is not needed. We propose a 

ovel scheme to generate synthetic training images using automat- 

cally extracted information from the images in an application. This 

nables simulating a large number and spectrum of training im- 

ges that represent well the images in an application. In contrast, 

ur previous scheme in Spilger et al. (2020) did not use automati- 

ally extracted information from the real data to generate training 

mages. The uncertainty information determined by our approach 

or the computed trajectories is important to assess their reliabil- 

ty and, for example, to exclude unreliable tracks (or track points) 

o increase the accuracy of subsequent motion analysis (e.g., mean- 

quared displacement analysis) as we show in our experiments. In 
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ddition, we demonstrate that the uncertainty can be exploited to 

ssess the suitability of the training data and to select the gener- 

ted training data set with the best-suited motion model so that 

he training data better represents the real data in an application. 

Our approach is the first probabilistic deep learning method for 

article tracking in microscopy images and takes into account both 

leatoric and epistemic uncertainty. We verified that both types of 

ncertainty are captured by the network. Besides taking into ac- 

ount and exploiting uncertainty information, we propose a novel 

eural network architecture which differs from our previous work 

n Spilger et al. (2020) , where prediction and update steps as in 

ayesian filtering were not used nor Bayesian layers and GRU lay- 

rs. In addition, we here use a different loss function, namely a 

alanced focal loss ( Lin et al., 2020 ) and different activation func- 

ions (PReLUs, He et al., 2015 ). We have conducted a quantitative 

erformance evaluation based on synthetic and real 2D as well as 

D fluorescence microscopy images. We used data from the Parti- 

le Tracking Challenge as well as real live cell microscopy image 

equences displaying the hepatitis C virus (HCV) protein NS5A, the 

CV associated protein ApoE, and chromatin structures (labeled 

uring DNA replication). It turned out that our approach yields 

tate-of-the-art or improved results compared to previous meth- 

ds. 

. Methods 

In this section, we present our novel probabilistic deep learn- 

ng approach for tracking multiple particles in live cell fluores- 

ence microscopy images, denoted as Deep Probabilistic Particle 

racker (DPPT). First, we give an overview of our approach. Then, 

e describe the classical Bayesian filtering framework used in pre- 

ious particle tracking approaches. After that, we introduce our 

eep learning architecture mimicking classical Bayesian filtering 

nd taking into account both aleatoric and epistemic uncertainty. 

e also present a neural network architecture to compute assign- 

ent probabilities for correspondence finding. Finally, we provide 

etails on the network training. 

.1. Overview of the proposed tracking approach 

Fig. 1 provides a schematic overview of the proposed DPPT ap- 

roach. For particle detection, we employ the spot-enhancing fil- 
Fig. 1. Overview of the proposed Deep Probabilistic Particle Tracker (DPPT). 
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3 
er (SEF) ( Sage et al., 2005 ) and Gaussian fitting yielding a set 

f detections represented by image positions. For state prediction 

nd state update, a recurrent neural network (RNN) with gated 

ecurrent units (GRUs) ( Cho et al., 2014 ) is introduced mimick- 

ng classical Bayesian filtering. The network takes into account 

oth aleatoric and epistemic uncertainty. Epistemic uncertainty 

s captured by learning Gaussian distributions for the parame- 

ers of the network. To take into account aleatoric uncertainty, 

he network estimates the mean and standard deviation of Gaus- 

ian distributions from which the predicted and updated states 

re computed. For correspondence finding, we introduce a neu- 

al network that determines assignment probabilities as well as 

robabilities of missing detections between the predicted states 

nd particle detecions. The Jonker-Volgenant shortest augmenting 

ath algorithm ( Jonker and Volgenant, 1987 ) is employed to estab- 

ish one-to-one correspondences based on the computed assign- 

ent probabilities of all objects and the probabilities of missing 

etections. 

.2. Bayesian filtering 

We represent a biological particle i in a temporal microscopy 

mage sequence at time point t by the state vector x i t ∈ R 

D , which

s reflected by the noisy measurement (detection) y 
j 
t ∈ R 

D . In our 

ettings, both the particle state x i t and the detection y 
j 
t are de- 

cribed by the image position at time point t , and therefore D 

quals the number of image dimensions in an experimental setup. 

The goal of Bayesian filtering is to estimate x i t recursively 

ver time based on a sequence of noisy detections y 
j 
1: t 

. For each 

ime point t , this estimation process comprises two consecutive 

teps: Prediction and update. Based on the posterior distribution 

p(x i 
t−1 

| y j 
1: t−1 

) at time point t − 1 , the prediction step evaluates the

article dynamics using a dynamical model p(x i t | x i t−1 
) to deter- 

ine the prior distribution p(x i t | y j 1: t−1 
) at time point t: 

p(x 

i 
t | y j 1: t−1 

) = 

∫ 
p(x 

i 
t | x 

i 
t−1 ) p(x 

i 
t−1 | y j 1: t−1 

)d x 

i 
t−1 (1)

n the update step, Bayes’ rule is applied to compute the posterior 

istribution p(x i t | y j 1: t 
) at time point t from the prior distribution 

p(x i t | y j 1: t−1 
) by incorporating the detection y 

j 
t via a measurement 

odel p(y 
j 
t | x i t ) : 

p(x 

i 
t | y j 1: t 

) ∝ p(y j t | x 

i 
t ) p(x 

i 
t | y j 1: t−1 

) (2)

he state x i t can be determined from the posterior distribution 

p(x i t | y j 1: t 
) . The two most common approaches for solving (1) and

2) are the Kalman filter and the particle filter. In contrast, we pro- 

ose a deep learning approach to mimic classical Bayesian filtering. 

.3. Bayesian neural network for prediction and update 

The proposed probabilistic neural network mimics classical 

ayesian filtering. The network architecture can be subdivided into 

 state prediction and update block (see Fig. 2 ). The prediction 

lock employs a GRU-based RNN ( Cho et al., 2014 ) exploiting both 

hort- and long-term temporal dependencies in the dynamics of an 

ndividual particle to estimate its next state. The update block cor- 

ects the predicted state based on the assigned detection. Bayesian 

ayers ( Kingma and Welling, 2014; Blundell et al., 2015 ) are used 

ithin the network to take into account epistemic uncertainty . In 

ddition, the standard deviation for the predicted and updated 

tate is computed to provide information about the aleatoric uncer- 

ainty . In contrast, previous work on object tracking did not con- 
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Fig. 2. Architecture of the proposed probabilistic neural network. Red indicates the network block for state prediction, and green the network block for state update. The 

dashed line indicates how the hidden state of the last GRU layer is exploited by the update block. 
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ider uncertainty (e.g., Milan et al., 2017; Sadeghian et al., 2017; 

ao et al., 2018; Spilger et al., 2018; Yao et al., 2020; Spilger et al.,

020 ). For each time point t − 1 , the network computes two out- 

ut vectors for particle i for the next time point t: The predicted 

tate ˜ x i t ∈ R 

D and the updated state x i t ∈ R 

D . 

The prediction block of our network comprises L GRU layers 

we used L = 2 ) each consisting of K units. The structure of GRU 

llows capturing both short- and long-term temporal dependen- 

ies. To solve the vanishing and exploding gradient problems that 

ccur in standard RNNs, GRU uses a hidden state and two gates 

egulating the information to be kept or discarded at each time 

oint. The gating is designed similarly to that in the long short- 

erm memory (LSTM) ( Hochreiter and Schmidhuber, 1997 ), how- 

ver, GRU is less complex than LSTM (e.g., it has only two gates 

nstead of three in the LSTM) and is faster to compute. The reset 

ate of GRU determines which part of the previous hidden state 

s combined with the current input to compute a candidate state. 

he update gate of GRU determines which portion of the previous 

idden state is preserved and which portion of the candidate state 

derived from the reset gate) is added to the final hidden state. 

n more detail, the hidden state of layer l at time point t is rep- 

esented by h 

i,l 
t ∈ R 

K (for l = 1 , . . . , L ), while h 

i, 0 
t ∈ R 

D denotes the

etwork input vector. The output of the last GRU layer is denoted 

y h 

i,L 
t . To predict the state of object i for the next time point t , the

tate vector x i 
t−1 

of the object at time point t − 1 is used as input

ector, i.e. h 

i, 0 
t = x i 

t−1 
. For a particular GRU layer l and time point t ,

he update gate z i,l t and reset gate r i,l t are computed based on the 

revious hidden state h 

i,l 
t−1 

at time point t − 1 and the hidden state 

 

i,l−1 
t of the previous GRU layer: 

 

i,l 
t = σ (W 

l 
z h 

i,l−1 
t + U 

l 
z h 

i,l 
t−1 

+ b 

l 
z ) (3) 

 

i,l 
t = σ (W 

l 
r h 

i,l−1 
t + U 

l 
r h 

i,l 
t−1 

+ b 

l 
r ) (4) 

here W 

l 
z , U 

l 
z , b 

l 
z , W 

l 
r , U 

l 
r , and b 

l 
r represent the learnable parame-

ers of the two gates. σ is the logistic sigmoid activation. Then, the 
4 
ew candidate state ˜ h 

i,l 
t is computed as follows: 

˜ 
 

i,l 
t = tanh (W 

l 
h h 

i,l−1 
t + U 

l 
h (r i,l t � h 

i,l 
t−1 

) + b 

l 
h ) (5) 

here W 

l 
h 
, U 

l 
h 
, and b 

l 
h 

are the learnable parameters. � denotes the 

lement-wise (Hadamard) multiplication and tanh is the hyper- 

olic tangent activation function. The previous hidden state h 

i,l 
t−1 

nd the candidate state ˜ h 

i,l 
t are weighted by the update gate z i,l t to 

etermine the new hidden state h 

i,l 
t : 

 

i,l 
t = z i,l t � h 

i,l 
t−1 

+ (1 − z i,l t ) �
˜ h 

i,l 
t (6) 

inally, the hidden state h 

i,L 
t of the last GRU layer L is fed into two 

eparate heads, each comprising two consecutive Bayesian layers 

ith K and D Parametric Rectified Linear Units (PReLUs, He et al., 

015 ), respectively. We used PReLU since this activation function 

ncludes a learnable parameter (slope parameter for negative input 

alues) to overcome shortcomings of the dying ReLU problem (in- 

ctive ReLU which outputs zero for any input value) and the incon- 

istent predictions of LeakyReLU for negative input values. The out- 

ut vectors of the two heads represent the mean μi, prior 
t ∈ R 

D and 

tandard deviation σ i, prior 
t ∈ R 

D of the prior probability distribution 

odeled as Gaussian distribution N D 

(
μi, prior 

t , diag (σ i, prior 
t ) 

)
. From 

his prior distribution the predicted state ˜ x i t is obtained: 

˜ 
 

i 
t ∼ N D 

(
μi, prior 

t , diag (σ i, prior 
t ) 

)
(7) 

herefore, the predicted state depends only on the current state 

 

i 
t−1 

of the object and the hidden states h 

i, 1: L 
t−1 

of the GRU layers. 

Given the assigned detection y 
j 
t ∈ R 

D for the next time point t , 

he state is updated. First, the vectors y 
j 
t ∈ R 

D and 

˜ x i t are con- 

atenated, and passed to a FC layer with PReLUs mapping it to 

 vector of dimension K. Then this vector is concatenated with 

he hidden state h 

i,L 
t of the last GRU layer resulting in a vector 

f dimension 2 K passed to another FC layer with K PReLUs. Fi- 

ally, this K-dimensional vector is fed into two separate heads, 

ach comprising two consecutive Bayesian layers with K and D 



R. Spilger, J.-Y. Lee, V.O. Chagin et al. Medical Image Analysis 72 (2021) 102128 

P

s

t

b

t

x

T

n

d

t

i

w

b

B

i

b

e

l

a

s

e

e

2

t

p

b

i

l

E

w

r

T

c

p  

t

t

w

o

i

t

m

T

o

i

d

N
a

d

t

c

a

c

F

s

d

o

Fig. 3. Architecture of the proposed neural network for correspondence finding. 
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b  
ReLUs, respectively. The output vectors of the two heads repre- 

ent the mean μi, post 
t ∈ R 

D and standard deviation σ i, post 
t ∈ R 

D of 

he posterior probability distribution modeled as Gaussian distri- 

ution N D 

(
μi, post 

t , diag (σ i, post 
t ) 

)
. From this posterior distribution 

he updated state x i t is obtained: 

 

i 
t ∼ N D 

(
μi, post 

t , diag (σ i, post 
t ) 

)
(8) 

he computed standard deviations σ i, prior 
t and σ i, post 

t reflect the 

oise in the data (e.g., detector noise and motion noise) and are 

enoted as aleatoric uncertainty . 

To take into account not only aleatoric uncertainty but also epis- 

emic uncertainty (model uncertainty), we employ Bayesian layers 

n the two heads of the prediction and update block (four net- 

ork heads in total), where learnable parameters are represented 

y probability distributions instead of single values. Since exact 

ayesian inference is intractable, we employ a variational approx- 

mation. A differentiable estimator of the lower bound that can 

e optimized straightforwardly using a standard stochastic gradi- 

nt approach is obtained by a reparameterization of the variational 

ower bound, also called evidence lower bound (ELBO) ( Kingma 

nd Welling, 2014; Blundell et al., 2015 ). This reparameterization 

trategy enables efficient learning of the neural network param- 

ters, without requiring computationally expensive iterative infer- 

nce schemes such as Markov chain Monte Carlo (e.g., Gu et al., 

015; Gong et al., 2019 ). In more detail, a variational posterior dis- 

ribution Q(W ; θ ) parameterized by θ is used over the learnable 

arameters W . The parameters θ of the variational posterior distri- 

ution Q(W ; θ ) representing the uncertainty of W are learned us- 

ng variational inference. This is done by maximizing the evidence 

ower bound objective: 

LBO (θ ) = −
∫ 

d W Q(W ; θ ) log P (Y | X , W ) 

+ 

∫ 
d W Q(W ; θ ) log 

Q(W ; θ ) 

P (W ) 
(9) 

here P (W ) is the prior distribution over the weights that rep- 

esents the uncertainty in the weights before network training. 

he Bayesian layer performs a regularization and imposes the 

onstraint that the posterior distribution Q(W ; θ ) is close to the 

rior distribution P (W ) . For Q(W ; θ ) and P (W ) , we use a mul-

ivariate normal distribution. P (Y | X , W ) is the likelihood func- 

ion that specifies the variation in the labels Y given the net- 

ork inputs X and the learnable parameters W . While the sec- 

nd term (Kullback-Leibler divergence of Q(W ; θ ) regarding P (W ) ) 

s used for regularization and determined analytically, the first 

erm is used to compute labels from the inputs and is approxi- 

ated by drawing a single random set of weights from Q(W ; θ ) . 

he sampling for computing the first term yields an ensemble 

f different network outputs. Since always a new set of weights 

s sampled according to Q(W ; θ ) , we obtain a different prior 

istribution N D 

(
μi,prior 

t , diag (σ i,prior 
t ) 

)
and posterior distribution 

 D 

(
μi,post 

t , diag (σ i,post 
t ) 

)
for each time the four network heads are 

pplied. Thus, the diversity in the estimated prior and posterior 

istributions reflects the uncertainty in the weights (model uncer- 

ainty). In our sampling strategy, for each time point t and parti- 

le i , the four network heads are applied N times yielding N prior 

nd N posterior distributions. We used N = 20 , which is a good 

ompromise between computation time and tracking performance. 

rom each of these prior and posterior distributions a predicted 

tate and updated state is obtained, respectively. The final pre- 

icted state ˜ x i t and updated state x i t are determined by averaging 

ver all predicted and updated states, respectively. 
5 
The parameters of our probabilistic network are learned by 

inimizing the loss function: 

 

i 
x ,t = −

⎛ 

⎜ ⎝ 

log P 
(

ˆ x i t | μi , prior 
t , σ i,prior 

t 

)
︸ ︷︷ ︸ 

state prediction 

+ λ log P 
(

ˆ x i t | μi,post 
t , σ i,post 

t 

)
︸ ︷︷ ︸ 

state update 

⎞ 

⎟ ⎠ 

(10) 

here ˆ x i t is the true state of particle i at time point t . The loss 

unction consists of two terms: The negative log-likelihood loss for 

tate prediction and state update. The loss function represents the 

oss for one training sample corresponding to a single time point t

f an individual particle i . We used λ = 1 in all our experiments. 

or training, the prediction and update block are employed as a 

nified network. For performing tracking, the two blocks are used 

equentially. 

.4. Correspondence finding 

For correspondence finding, we propose a deep neural net- 

ork which computes assignment probabilities and probabilities 

f missing detections. The network consists of four consecutive FC 

ayers, each with R PReLUs (we used R = 512 ), followed by a fully

onnected linear output layer with softmax normalization. For each 

C layer except the output layer, we employed dropout with a rate 

f 0.4 during training to avoid overfitting ( Srivastava et al., 2014 ). 

he network architecture is sketched in Fig. 3 . 

For each particle i and time point t − 1 , the network takes 

s input the vector d 

i 
t ∈ R 

M , whose components are defined by 

 

i, j 
t = ‖ ̃ x i t − y 

j 
t ‖ 2 as the Euclidean distance between the predicted 

tate of particle i and detection j at time point t . M is the num- 

er of detections within a gate of radius r g (we used r g = 20 pixel )

round the predicted position of particle i at time point t . Since 

he number of detections within the gate varies and our network 

equires a fixed input size, we consider at most the M-nearest de- 

ections (we used M = 4 ) within the gate. If there are less than M

etections within the gate, we pad the vector d 
i, j 
t with a place- 

older (we used ’ −1 ’). The final output vector a i t ∈ [0 , 1] M+1 of the

etwork contains the normalized assignment probabilities for time 

oint t , i.e. 
∑ M 

j=0 a 
i, j 
t = 1 , where a i, 0 t denotes the probability of a 

issing detection and a 
i, j 
t represents the assignment probability 

etween particle i and detection j ( for j = 1 , ..., M) . The computed
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robabilities adapt to the local neighborhood, for example, in re- 

ions with high object density the probability of a missing detec- 

ion is lower. We employ the Jonker-Volgenant shortest augment- 

ng path algorithm ( Jonker and Volgenant, 1987 ) using the com- 

uted assignment probabilities and probabilities of missing detec- 

ions as input to establish one-to-one correspondences between all 

racked particles and the set of detections obtained at time point t . 

ince the network computes probabilities, a threshold to determine 

issing detections is not needed. 

To measure the deviation between the computed assignment 

robabilities a i t and ground truth 

˜ a i t , we use a multi-class variant 

f the α-balanced focal loss described in Lin et al. (2020) . The loss

 

i 
a ,t for one training sample (one time point t of an individual par- 

icle i ) is given as: 

 

i 
a ,t = −

M ∑ 

j=0 

α j (1 − a i, j 
t ) γ · ˜ a i, j 

t log (a i, j 
t ) (11) 

here γ is a focusing parameter down-weighting easy samples 

nd emphasizing hard samples. In all our experiments we used 

= 2 . α ∈ R 

M+1 represent weighting factors that address class im- 

alance in the training data and are calculated based on the class 

istribution in the training data. 

.5. Network training 

Training neural networks typically requires a vast amount of 

ata to achieve convergence without overfitting. Since ground 

ruth of particles in real fluorescence microscopy images is hardly 

vailable and accurate manual annotation is very tedious, our DPPT 

etwork is trained using simulated data only. In our data simu- 

ator, particle trajectories were simulated based on different mo- 

ion models and the image data was generated using a Poisson 

oise model and automatically extracted information from the real 

mages. For the particle dynamics we used four different motion 

ypes, namely directed motion, Brownian motion, random switch- 

ng between directed motion and Brownian motion, and acceler- 

ted motion. Motion model parameters (e.g., diffusion coefficient, 

elocity, acceleration) of individual particles were drawn from uni- 

orm distributions. For the diffusion coefficient, we used a uni- 

orm distribution in the interval [1 , 6] both for the Particle Track- 

ng Challenge data and the live cell fluorescence microscopy im- 

ges. For the velocity we used an interval of [1 , 6] (directed mo- 

ion) and [1 , 4] (accelerated motion and switching motion), and for 

he acceleration we employed [0 . 2 , 0 . 8] . We used relatively large

ntervals to increase network generalization. Initial particle posi- 

ions and particle appearance as well as disappearance are gov- 

rned by random processes. Movement out of the field of view and 

ut of focus was also simulated. The image noise is reflected by 

he SNR = (I max − I bg ) / 
√ 

I max ( Sbalzarini and Koumoutsakos, 2005 ), 

here I max is the maximum intensity of the particle and I bg de- 

otes the background intensity. Different to our previous work 

 Spilger et al., 2018; 2020 ), we use automatically extracted infor- 

ation from the real images to generate training images that well 

epresent the real data. In our scheme, we detect particles in the 

eal images by the spot-enhancing filter ( Sage et al., 2005 ), and 

utomatically determine the SNR, the particle size, and the par- 

icle density based on the detected positions and local neighbor- 

ood information. We use Gaussian fitting at the detected posi- 

ions to determine I max and I bg to compute the SNR as well as to

etermine the particle size σ . For I max , I bg , and σ , we computed

he mean and standard deviation over all detected particles. The 

NR of the training data was set according to the determined SNR 

n the real data. The appearance parameters of individual particles 

 I max , σ ) in the training data were sampled from Gaussian distribu- 

ions with mean values and standard deviations determined in the 
6 
eal data. The particle density in the training data was set accord- 

ng to the determined average number of particle detections per 

rame in the real images. Instead, in our previous work, these pa- 

ameters were drawn from uniform distributions with fixed man- 

ally defined intervals. Image size, stack size, and bit depth were 

et according to the meta-information of the real data. Main dif- 

erences to the Particle Tracking Challenge simulator ( Chenouard 

t al., 2014; de Chaumont et al., 2012 ) are that our simulator in-

ludes out-of-focus movement and accelerated motion as well as 

ses automatically extracted information from the real images to 

enerate training images that well represent the real data. 

In addition, we exploit the computed uncertainty of our net- 

ork to select the generated training data set with the best-suited 

otion model so that the training data well represents the real 

mages. This was done by training our network with different mo- 

ion models and then using the tracking results with the lowest 

pistemic uncertainty (see Section 3.2.2 below). Thus, we take ad- 

antage of the fact that the epistemic uncertainty of the network 

s lower when the particle motion in the training data agrees well 

ith the motion in the real data. This strategy for automated mo- 

ion model selection is novel and has not been used in previous 

ork. 

Moreover, to generate training data we use automatic detec- 

ions in the synthetically generated images to enable the network 

o learn the detector errors. Particle detection was performed us- 

ng the spot-enhancing filter (SEF) ( Sage et al., 2005 ) and Gaussian 

tting. Then, the resulting detections were mapped to the ground 

ruth trajectories using a nearest neighbor search with a valida- 

ion gate of 5 pixel. The trajectories and the detections mapped 

n them were used for network training. Thus, our approach does 

ot require prior knowledge about detection errors but learns this 

nformation from the image data. This training strategy allows gen- 

rating synthetic training data that well represents the real data. 

For network training, we employed the AMSGrad optimizer 

 Reddi et al., 2018 ) with β1 = 0 . 9 and β2 = 0 . 999 . We used a mini-

atch size of 64 and an initial learning rate of l init = 0 . 02 for the

ayesian neural network and l init = 0 . 001 for the network comput- 

ng assignment probabilities. To avoid overfitting, early stopping 

as performed after convergence was reached. For training and 

alidation we used about 102.400 training samples from synthetic 

mage sequences. A training sample includes one time point for an 

ndividual particle. We split the data set into 80% for training and 

0% for validation. The image dimensions are normalized to the 

ange [0 , 1] . Our model is implemented in Python 3.7 using Ten- 

orflow 2.1.0 ( Abadi et al., 2016 ) and TensorFlow Probability 0.9.0 

 Dillon et al., 2017 ). We used a laptop with Intel(R) Core(TM) i7-

700HQ CPU, NVIDIA GeForce GTX 1050 Ti GPU, and a Linux oper- 

ting system. 

. Experimental results 

In this section, we present experimental results of our Deep 

robabilistic Particle Tracker (DPPT). First, we describe the metrics 

or quantitative performance evaluation. Then, we verify that DPPT 

aptures both aleatoric and epistemic uncertainty. A performance 

valuation is carried out using 2D as well 3D data of the Particle 

racking Challenge. In addition, we study the impact of using the 

ncertainty information for subsequent motion analysis. We also 

valuate DPPT based on 2D and 3D real live cell fluorescence mi- 

roscopy images. 

.1. Performance metrics 

To quantitatively assess and objectively compare the tracking 

erformance, we used the metrics α, β , J SC, J SC θ , and RMSE as 
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Fig. 4. Example image sections (225 ×225 pixels) from generated synthetic image sequences displaying particles performing directed motion with different levels of motion 

noise σm (time point t = 12 ). The image contrast was enhanced for better visibility. 
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escribed in Chenouard et al. (2014) . The metric α ∈ [0 , 1] indi-

ates the overall degree of matching of ground truth and com- 

uted tracks excluding spurious tracks. β ∈ [0 , α] includes an ad- 

itional penalization for spurious tracks compared to α ( α = β
hen there are no spurious tracks). The Jaccard similarity coeffi- 

ient JSC ∈ [0 , 1] represents the rate of correctly determined track 

oints, and JSC θ ∈ [0 , 1] is the Jaccard similarity coefficient for en-

ire tracks instead of single track points. The overall localization 

ccuracy of correctly determined track points is indicated by the 

oot mean square error ( RMSE ). For all metrics except RMSE , higher 

alues indicate a better tracking performance. 

.2. Evaluation and analysis of aleatoric and epistemic uncertainty 

First, we evaluated uncertainty estimation by our network and 

erified whether both aleatoric and epistemic uncertainty are cap- 

ured. To this end, we trained and tested DPPT based on gener- 

ted 2D synthetic image sequences with varying conditions. The 

ynthetic images ( 512 × 512 , 8-bit) simulate real fluorescence mi- 

roscopy images displaying multiple particles. The particles have 

n isotropic Gaussian intensity structure with Gaussian distributed 

tandard deviation (mean σx,y = 1 . 8 pixel ) and the images are dis- 

orted by additive Poisson noise (we used SNR = 4 ). For directed 

otion, the particle position at the next time point was deter- 

ined by the current position plus the velocity vector (given by 

he velocity from the previous to the current time point) and an 

dditional random change (Gaussian distribution) of both the po- 

ition and the velocity vector. The changes in the position and 

he velocity vector were determined from a multivariate normal 

istribution with covariance matrix Q = q ((σ 2 
11 

, σ 2 
12 

) , (σ 2 
12 

, σ 2 
22 

)) 

or each image dimension as in Chenouard et al. (2014) . σ 2 
11 

enotes the variance of the position noise, σ 2 
12 the covariance 

f position and velocity noise, σ 2 
22 

the variance of the velocity 

oise, and q the motion noise influence factor. For all data we 

sed σ 2 
11 = (1 / 3) frame 

3 
, σ 2 

12 = (1 / 2) frame 
2 
, and σ 2 

22 = 1 frame .

he motion noise of directed motion can be defined by the 

tandard deviation σm 

= 

√ 

q (σ 2 
11 

+ 2 σ 2 
12 

+ σ 2 
22 

) , which represents 

ll elements of the covariance matrix Q and follows from the 

eneral formula for the variance of the sum of two random 

ariables describing directed motion ( Var (aX + bY ) = a 2 Var (X ) + 

 ab Cov (X, Y ) + b 2 Var (Y ) ). For Brownian motion (random walk), the

ext particle position was determined by sampling from a Gaus- 

ian distribution centered at the current position and with stan- 

ard deviation σm 

. For each studied condition we generated three 

ynthetic image sequences, two of which were used for network 

raining (training data) and one for testing (test data). Each tem- 

oral image sequence comprises 100 time points. 

.2.1. Evaluation of aleatoric and epistemic uncertainty 

To evaluate uncertainty estimation by DPPT, we established 

round truth image data which is used as benchmark. We first 
7 
onsidered uncertainty estimation of the state prediction which 

aptures the motion noise . We generated synthetic image sequences 

ith seven different levels of motion noise σm 

( σm 

= 0 , 0.5, 1, 2, 3,

, and 5 pixel) for both Brownian motion and directed motion, and 

valuated how well the motion noise is estimated by our network. 

n this experiment we did not consider detection noise (but in the 

ollowing experiment). Example image sections with ground truth 

article trajectories are shown in Fig. 4 for directed motion and in 

ig. 5 for Brownian motion. It can be seen that the random fluctu- 

tion in the particle position (Brownian motion) and the deviation 

rom a straight path (directed motion) increase with the strength 

f the motion noise σm 

. We applied DPPT to the generated im- 

ge sequences and evaluated uncertainty estimation. We consid- 

red aleatoric uncertainty ( σalea ) and epistemic uncertainty ( σepi ). 

n Fig. 6 (a) and (b), ground truth and mean values of computed 

leatoric and epistemic uncertainty of state prediction (over all tra- 

ectories) by DPPT are shown as a function of σm 

. It can be seen

hat the epistemic uncertainty is much smaller than the aleatoric 

ncertainty, which is expected for a well-trained network. For the 

mage sequences of both motion models the computed aleatoric 

ncertainty agrees already relatively well with the ground truth. 

he RMSE between the aleatoric uncertainty and the ground truth 

s 0 . 143 pixel for Brownian motion and 0 . 134 pixel for directed 

otion. The result is further improved when considering the com- 

uted combined uncertainty comprising aleatoric and epistemic un- 

ertainty (defined as the square root of the sum of the variances 
2 
alea 

and σ 2 
epi 

), which yields a lower RMSE of 0 . 133 pixel for Brow- 

ian motion and 0 . 116 pixel for directed motion. This shows that 

oth types of uncertainty (aleatoric and epistemic uncertainty) 

hould be taken into account for motion noise estimation. The ex- 

eriment demonstrates that the motion noise is well captured by 

ur network. 

In addition, we evaluated uncertainty estimation of the state 

pdate by DPPT. We generated synthetic image sequences using 

wo motion models (Brownian motion, directed motion), simulated 

etections with different levels of additive white Gaussian noise 

 σd = 0 , 0.5, 1, 2, 3, 4, and 5 pixel), and evaluated how well the de-

ection noise is estimated by our network. For the motion noise we 

sed σm 

= 10 pixel . Since the detection noise is smaller than the 

otion noise (i.e. the detection noise has a higher reliability) and 

ince we considered only track points with an assigned detection, 

he state update mainly takes into account the detection informa- 

ion and the computed uncertainty represents the detection noise. 

n Fig. 6 (c) and (d), ground truth and computed mean aleatoric 

nd epistemic uncertainty of state update (over all trajectories) by 

ur network are shown as a function of the detection noise level. 

lso in this experiment the epistemic uncertainty is much smaller 

han the aleatoric uncertainty as expected for a well-trained net- 

ork. For both motion models the computed aleatoric uncertainty 

grees already relatively well with the ground truth. The RMSE be- 

ween the aleatoric uncertainty and the ground truth is 0 . 208 pixel 
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Fig. 5. Example image sections (225 ×225 pixels) from generated synthetic image sequences displaying particles performing Brownian motion with different levels of motion 

noise σm (time point t = 20 ). The image contrast was enhanced for better visibility. 

Fig. 6. Computed mean aleatoric and epistemic uncertainty of state prediction as a function of the motion noise level for (a) Brownian motion and (b) directed motion, and 

of state update as a function of the detection noise level for (c) Brownian motion and (d) directed motion. Black lines indicate the ground truth. 
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Fig. 7. Mean epistemic uncertainty of state prediction and state update of DPPT as 

a function of the number of training samples. 

i

d

or Brownian motion and 0 . 181 pixel for directed motion. The re- 

ult is further improved when considering the computed combined 

ncertainty yielding a lower RMSE of 0 . 191 pixel for Brownian mo- 

ion and 0 . 161 pixel for directed motion. This shows that both 

ypes of uncertainty (aleatoric and epistemic uncertainty) should 

e taken into account for detection noise estimation. The exper- 

ment demonstrates that the detection noise is well captured by 

ur network. 

.2.2. Further analysis of epistemic uncertainty and exploitation to 

ssess the suitability of the training data 

To further analyze the epistemic uncertainty, we trained DPPT 

ith different numbers of training samples (ranging from 6 . 4 × 10 3 

o 102 . 4 × 10 3 ) using synthetic image data with directed motion 

nd SNR = 4 . One training sample represents one time point of a 

article. The mean epistemic uncertainty over all particles and im- 

ge dimensions as a function of the number of training samples is 

isplayed in Fig. 7 . As expected, the mean epistemic uncertainty 

ecreases with the number of training samples, which demon- 

trates that the epistemic uncertainty is captured by our network. 
8 
We also generated image data with different particle dynam- 

cs ( SNR = 4 ). We used three different motion models, namely 

irected motion, Brownian motion, and accelerated motion. We 
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Fig. 8. (a) Mean epistemic uncertainty and (b) tracking performance of DPPT for different motion models. 
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Table 1 

Quantitative tracking performance of different approaches for 

data of the vesicle scenario with SNR = 1 from the Particle 

Tracking Challenge. The best performance values are high- 

lighted bold and underlined, and the second best performance 

values are bold. 

Metric α β JSC JSC θ RMSE 

Medium density 

Method 5 0.162 0.142 0.225 0.458 2.172 

Method 1 0.027 0.026 0.034 0.300 1.533 

Method 2 0.198 0.111 0.192 0.335 2.386 

DPT 0.122 0.071 0.106 0.198 1.701 

DPHT 0.128 0.100 0.155 0.380 1.858 

DPPT 0.172 0.139 0.223 0.407 2.164 

High density 

Method 5 0.136 0.120 0.198 0.460 2.296 

Method 1 0.091 0.064 0.089 0.231 1.859 

Method 2 0.163 0.080 0.147 0.324 2.531 

DPT 0.059 0.056 0.076 0.443 1.654 

DPHT 0.121 0.104 0.158 0.444 1.984 

DPPT 0.158 0.123 0.189 0.391 2.055 
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rained DPPT on the training data of one of the three motion mod- 

ls and then applied it to the test data of all three motion mod- 

ls. We did this for all three models resulting in nine training and 

est data combinations. Fig. 8 (a) shows the mean epistemic uncer- 

ainty as heatmap for the nine combinations. It can be seen that 

he mean epistemic uncertainty is lowest when the same motion 

odel is used for the training and test data, and otherwise the 

ean epistemic uncertainty is higher. This verifies that the epis- 

emic uncertainty is captured by our network, and that the epis- 

emic uncertainty can be exploited to assess the suitability of the 

raining data for a considered test data. In addition, Fig. 8 (b) shows 

he tracking performance in terms of β as heatmap for the differ- 

nt motion models. It can be seen that selecting the training data 

et with the correct motion model improves the tracking perfor- 

ance. 

.3. Particle Tracking Challenge Data 

We evaluated our DPPT approach based on both 2D as 

ell as 3D image data from the Particle Tracking Challenge 

 Chenouard et al., 2014 ) and compared the tracking performance 

ith the overall top-three methods of the Challenge (Methods 5, 1, 

nd 2). Method 5 localizes particles based on the spot-enhancing 

lter (SEF) ( Sage et al., 2005 ) and establishes correspondences by 

robabilistic data association ( Godinez and Rohr, 2015 ). Method 1 

mploys iterative intensity-weighted centroid calculation for lo- 

alization and combinatorial optimization via greedy hill-climbing 

or correspondence finding ( Sbalzarini and Koumoutsakos, 2005 ). 

ethod 2 localizes particles using adaptive local maxima selection 

nd relies on multiple hypothesis tracking for correspondence find- 

ng ( Coraluppi and Carthel, 2011 ). We also performed a comparison 

ith our previous deep learning approaches Deep Particle Tracker 

DPT) ( Spilger et al., 2018 ) and Deep Particle Hypotheses Tracker 

DPHT) ( Spilger et al., 2020 ). DPT employs an LSTM-based RNN 

or state prediction and correspondence finding. This approach was 

eveloped for 2D data and was not applied to the 3D data. DPHT 

s based on a bidrectional LSTM-based RNN that exploits multiple 

rack hypotheses for correspondence finding. Note that DPT and 

PHT use deep learning for correspondence finding, while DPPT 

ses deep learning also for state prediction and update (as in clas- 

ical Bayesian filtering) as well as for taking into account aleatoric 

nd epistemic uncertainty. For DPPT, DPT, and DPHT, we used the 

ame set of detections. The networks were trained based on own 

enerated synthetic data, and we did not use the data of the Par- 

icle Tracking Challenge for network training. 

We assessed the performance for different object dynamics us- 

ng temporal image sequences from the 2D vesicle and 3D virus 

cenario of the Particle Tracking Challenge with medium ( ∼500 

articles/frame) and high ( ∼10 0 0 particles/frame) particle densi- 

ies, and all SNR levels ( SNR = 1 , 2 , 4 , and 7 ). The data set (com-
9 
rising 65.462 trajectories) is challenging due to complex motion 

n dense environments as well as image noise causing clutter and 

umerous detection errors. The 2D images of the vesicle scenario 

 512 × 512 pixels , 8-bit) display round particles performing Brown- 

an (random walk) motion. The 3D image data of the virus scenario 

 512 × 512 × 10 voxels , 8-bit) shows spherical particles switching 

etween Brownian and directed motion. For both scenarios, each 

mage sequence consists of 100 images. Random processes de- 

ne appearance and disappearance of individual particles compen- 

ating each other on average. The computation time for one im- 

ge sequence of the vesicle scenario with high object density and 

NR = 2 was about 203 seconds, using a laptop as specified above 

end of Section 2.5 ). 

The quantitative results are presented in Tables 1–8 . The best 

erformance values are highlighted in bold and underlined, and 

old indicates the second best performances. It can be seen that 

PPT yields best or second best tracking results for almost all cases 

nd SNR levels of the vesicle scenario. For the virus scenario, DPPT 

erforms best or second best for the lowest ( SNR = 1 ) and high- 

st SNR level ( SNR = 7 ). Overall for both scenarios, DPPT outper- 

orms for β the other methods in eight out of 16 cases, and is sec- 

nd best in three cases. DPPT performs best in terms of α, JSC, 

SC θ , and RMSE in six, seven, five, and two cases, respectively, and 

ields the second best result for α, JSC, and RMSE in four cases, 

nd for JSC θ in two cases. For the vesicle scenario, DPPT is some- 

hat better for SNR = 2 compared to SNR = 1 , while for the virus 

cenario it is vice versa. However, the performance values of our 

ethod compared to the best method in these cases are partially 

elatively similar. On the other hand, the results for the vesicle and 

irus data are not directly comparable since the data characteris- 
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Table 2 

Quantitative tracking performance of different approaches for 

data of the vesicle scenario with SNR = 2 from the Particle 

Tracking Challenge. The best performance values are high- 

lighted bold and underlined, and the second best performance 

values are bold. 

Metric α β JSC JSC θ RMSE 

Medium density 

Method 5 0.448 0.391 0.489 0.664 1.325 

Method 1 0.398 0.298 0.340 0.411 0.840 

Method 2 0.517 0.417 0.510 0.629 1.254 

DPT 0.450 0.356 0.413 0.577 0.795 

DPHT 0.520 0.448 0.526 0.680 0.874 

DPPT 0.562 0.485 0.564 0.700 1.014 

High density 

Method 5 0.353 0.295 0.382 0.607 1.484 

Method 1 0.294 0.217 0.256 0.379 1.088 

Method 2 0.356 0.249 0.331 0.515 1.582 

DPT 0.372 0.293 0.353 0.536 1.025 

DPHT 0.383 0.311 0.376 0.580 1.044 

DPPT 0.421 0.341 0.416 0.601 1.232 

Table 3 

Quantitative tracking performance of different approaches for 

data of the vesicle scenario with SNR = 4 from the Particle 

Tracking Challenge. The best performance values are high- 

lighted bold and underlined, and the second best performance 

values are bold. 

Metric α β JSC JSC θ RMSE 

Medium density 

Method 5 0.658 0.588 0.641 0.776 0.754 

Method 1 0.687 0.609 0.652 0.767 0.607 

Method 2 0.582 0.514 0.590 0.757 0.970 

DPT 0.695 0.624 0.658 0.790 0.545 

DPHT 0.697 0.638 0.671 0.804 0.567 

DPPT 0.686 0.630 0.669 0.813 0.641 

High density 

Method 5 0.488 0.408 0.466 0.671 1.004 

Method 1 0.531 0.442 0.487 0.641 0.801 

Method 2 0.430 0.356 0.429 0.649 1.208 

DPT 0.547 0.462 0.505 0.680 0.746 

DPHT 0.531 0.458 0.500 0.685 0.751 

DPPT 0.543 0.464 0.510 0.690 0.867 

Table 4 

Quantitative tracking performance of different approaches for 

data of the vesicle scenario with SNR = 7 from the Particle 

Tracking Challenge. The best performance values are high- 

lighted bold and underlined, and the second best performance 

values are bold. 

Metric α β JSC JSC θ RMSE 

Medium density 

Method 5 0.677 0.605 0.646 0.783 0.667 

Method 1 0.700 0.619 0.650 0.758 0.544 

Method 2 0.611 0.547 0.606 0.775 0.828 

DPT 0.711 0.631 0.651 0.790 0.525 

DPHT 0.705 0.641 0.661 0.820 0.539 

DPPT 0.708 0.645 0.673 0.820 0.638 

High density 

Method 5 0.533 0.453 0.503 0.698 0.931 

Method 1 0.582 0.494 0.526 0.683 0.683 

Method 2 0.466 0.395 0.458 0.665 1.027 

DPT 0.590 0.507 0.535 0.702 0.677 

DPHT 0.573 0.506 0.534 0.717 0.703 

DPPT 0.577 0.503 0.541 0.722 0.827 

t

n

s

D
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t

Table 5 

Quantitative tracking performance of different approaches for 

data of the virus scenario with SNR = 1 from the Particle 

Tracking Challenge. The best performance values are high- 

lighted bold and underlined, and the second best performance 

values are bold. 

Metric α β JSC JSC θ RMSE 

Medium density 

Method 5 0.086 0.082 0.117 0.341 1.788 

Method 1 0.088 0.066 0.086 0.221 1.525 

Method 2 0.057 0.018 0.034 0.155 2.454 

DPHT 0.114 0.101 0.143 0.412 1.551 

DPPT 0.150 0.121 0.174 0.314 1.718 

High density 

Method 5 0.122 0.115 0.164 0.438 1.768 

Method 1 0.140 0.099 0.130 0.253 1.560 

Method 2 0.105 0.046 0.081 0.261 2.305 

DPHT 0.189 0.154 0.221 0.459 1.536 

DPPT 0.223 0.173 0.245 0.390 1.651 

Table 6 

Quantitative tracking performance of different approaches for 

data of the virus scenario with SNR = 2 from the Particle 

Tracking Challenge. The best performance values are high- 

lighted bold and underlined, and the second best performance 

values are bold. 

Metric α β JSC JSC θ RMSE 

Medium density 

Method 5 0.646 0.590 0.716 0.802 1.085 

Method 1 0.581 0.517 0.595 0.641 0.776 

Method 2 0.655 0.581 0.714 0.742 1.062 

DPHT 0.631 0.567 0.670 0.777 0.891 

DPPT 0.642 0.546 0.633 0.702 0.855 

High density 

Method 5 0.553 0.495 0.606 0.729 1.101 

Method 1 0.528 0.460 0.539 0.610 0.870 

Method 2 0.576 0.486 0.611 0.682 1.140 

DPHT 0.542 0.472 0.555 0.680 0.880 

DPPT 0.547 0.469 0.548 0.645 0.877 

Table 7 

Quantitative tracking performance of different approaches for 

data of the virus scenario with SNR = 4 from the Particle 

Tracking Challenge. The best performance values are high- 

lighted bold and underlined, and the second best performance 

values are bold. 

Metric α β JSC JSC θ RMSE 

Medium density 

Method 5 0.776 0.748 0.854 0.891 0.754 

Method 1 0.748 0.712 0.818 0.869 0.875 

Method 2 0.769 0.725 0.826 0.880 0.724 

DPHT 0.739 0.686 0.752 0.829 0.576 

DPPT 0.767 0.695 0.757 0.814 0.534 

High density 

Method 5 0.670 0.619 0.712 0.805 0.796 

Method 1 0.642 0.582 0.677 0.776 0.936 

Method 2 0.699 0.646 0.742 0.833 0.792 

DPHT 0.672 0.607 0.667 0.766 0.587 

DPPT 0.670 0.582 0.641 0.727 0.606 

a
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o  
ics are very different (wide-field vs. confocal microscopy, Brow- 

ian vs. switching Brownian/directed motion, 2D vs. 3D data). It 

eems that there is no systematic dependency of the results of 

PPT on the SNR level compared to previous methods. Sample tra- 

ectories obtained by DPPT are shown in Fig. 9 for an image sec- 

ion ( 215 × 215 pixels ) of the vesicle scenario with medium density 
10 
nd SNR = 2 . Fig. 10 shows sample tracking results of DPPT for the 

irus scenario with medium density and SNR = 2 . In both cases the 

omputed trajectories match well the ground truth despite the rel- 

tively low SNR level. 

To demonstrate that DPPT copes well with image data that has 

omewhat different characteristics than the training data, we have 

pplied our approach to data of the vesicle scenario with SNR = 2 

nd medium object density while it was trained with SNR = 4 

nd high object density. The obtained performance values ( α = 

 . 547 , β = 0 . 474 , J SC = 0 . 557 , J SC θ = 0 . 683 , RMSE = 1 . 083 ) differ

nly slightly from the results in Table 2 ( α = 0 . 562 , β = 0 . 485 ,
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Fig. 9. Ground truth and tracking results of DPPT for an image section (215 ×215 pixels) of the vesicle scenario with medium density and SNR = 2 . The image contrast was 

enhanced for better visibility. 

Fig. 10. Ground truth and tracking results of DPPT for the virus scenario with medium density and SNR = 2 . A z-slice ( z = 5 ) of the original 3D data is shown. The current 

positions of the individual particles are indicated by cubes, intermediate positions are represented by small spheres along the trajectories. The image contrast was enhanced 

for better visibility. 

Table 8 

Quantitative tracking performance of different approaches for 

data of the virus scenario with SNR = 7 from the Particle 

Tracking Challenge. The best performance values are high- 

lighted bold and underlined, and the second best performance 

values are bold. 

Metric α β JSC JSC θ RMSE 

Medium density 

Method 5 0.760 0.726 0.825 0.876 0.734 

Method 1 0.772 0.737 0.839 0.891 0.806 

Method 2 0.786 0.738 0.827 0.872 0.651 

DPHT 0.751 0.691 0.741 0.802 0.448 

DPPT 0.827 0.775 0.833 0.869 0.449 

High density 

Method 5 0.665 0.617 0.718 0.806 0.831 

Method 1 0.665 0.612 0.702 0.794 0.881 

Method 2 0.725 0.673 0.757 0.844 0.706 

DPHT 0.706 0.645 0.694 0.781 0.506 

DPPT 0.738 0.660 0.710 0.782 0.504 
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Fig. 11. Tracking performance of DPPT as a function of the diffusion coefficient D diff . 

u

fi  

q

w

p

[  

I

t

p

D

r

 SC = 0 . 564 , J SC θ = 0 . 700 , RMSE = 1 . 014 ). Thus, DPPT can cope well

ith somewhat different characteristics of the image data. 

.3.1. Impact of object dynamics 

In addition, we studied how changes of the object dynamics af- 

ect the tracking performance of DPPT. We simulated image data of 

he vesicle scenario using the particle tracking benchmark genera- 

or of ICY ( de Chaumont et al., 2012; Chenouard et al., 2014 ). We
11 
sed medium object density, SNR = 2 , and different diffusion coef- 

cients ( D diff = 0 , 0 . 5 , 2 , 4 , 6 , 8 pixel 2 / frame ) yielding six image se-

uences with 100 time points each. We trained DPPT only once 

ith training data from our generator, where D diff of individual 

articles was drawn from a uniform distribution in the interval 

1,6] (as in Section 2.5 ), and applied it to all six image sequences.

n Fig. 11 it can be seen that our network is relatively robust and 

he performance for different metrics is relatively good (e.g., com- 

are with the results of other methods in Table 2 for which there is 

 diff = 1 . 992 pixel 
2 
/ frame ). Also outside the training interval [1,6] 

easonable results are obtained. For RMSE the performance is rel- 
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Table 9 

Ablation study of our DPPT approach for the vesicle scenario with medium object density and 

SNR = 2 . The best performance values are highlighted bold and underlined. 

Experiment 1 2 3 4 5 6 7 

Prediction block � � � � 

Update block � � � � 

Corresp. finding block � � � � 

α 0.529 0.517 0.541 0.531 0.561 0.545 0.562 

β 0.455 0.446 0.465 0.457 0.482 0.471 0.485 

JSC 0.536 0.521 0.538 0.538 0.562 0.544 0.564 

JSC θ 0.686 0.696 0.704 0.685 0.702 0.709 0.700 

RMSE 1.027 0.856 0.858 1.025 1.014 0.845 1.014 
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tively constant. For the other metrics ( α, β , JSC, JSC θ ) the per-

ormance decreases with increasing D diff. This is expected since 

he ambiguity and clutter increase with increasing object dynamics 

motion strength). 

.3.2. Ablation study 

We also conducted an ablation study to investigate the impact 

f the different components of DPPT on the tracking performance. 

herefore, we disabled different com ponents (prediction block, up- 

ate block, correspondence finding block) and evaluated the per- 

ormance for the vesicle scenario with medium object density and 

NR = 2 . In the case of disabling the prediction block, no state pre-

iction was performed and the update step was determined based 

nly on the assigned detections. With the update block disabled, 

o update step was performed. In this case, the particle states were 

etermined based only on the assigned detections or the predic- 

ions (no detection was assigned). When the correspondence find- 

ng block was disabled, assignment probabilities as well as prob- 

bilities of missing detections were not computed. Table 9 shows 

he results. It can be seen that each component of DPPT generally 

mproves the tracking result, and the combination yields a further 

mprovement. The main drivers of performance are the prediction 

nd the correspondence finding blocks. In terms of α, β , and JSC, 

he best results are obtained when all components of the approach 

re enabled. For JSC θ similar values are obtained for different con- 

tellations. When the prediction block is enabled, RMSE increases. 

his is expected, since with a prediction block enabled and us- 

ng Brownian motion, track points are included which are based 

nly on the prediction in the absence of an assigned detection, and 

ecause the RMSE of particle detection is generally much smaller 

han that of the prediction. We also compared our network with 

nd without uncertainty (aleatoric and epistemic uncertainty). Us- 

ng uncertainty yielded a slight improvement of the tracking per- 

ormance ( α = 0 . 562 , β = 0 . 485 , JSC = 0 . 564 , JSC θ = 0 . 700 , RMSE =
 . 014 ) compared to not using uncertainty ( α = 0 . 560 , β = 0 . 482 ,

 SC = 0 . 562 , J SC θ = 0 . 705 , RMSE = 1 . 016 ). A main advantage of the

omputed uncertainty is that the suitability of the training data 

an be assessed to select the data set with the best-suited motion 

odel. If uncertainty is not exploited and a wrong motion model 

s selected then the tracking performance decreases ( Section 3.2.2 ). 

or example, if training data with directed motion is used in- 

tead of Brownian motion for test data with this type of mo- 

ion then the tracking performance decreases from β = 0 . 529 to 

= 0 . 126 (see Fig. 8 b). Moreover, the computed uncertainty can 

e used to exclude low quality tracks to improve the accuracy 

f subsequent motion analysis ( Sections 3.3.3 and 3.4.2 ). In addi- 

ion, we compared GRU with LSTM in our network. GRU yielded 

 slightly better tracking performance ( α = 0 . 562 , β = 0 . 485 , JSC =
 . 564 , JSC θ = 0 . 700 , RMSE = 1 . 014 ) compared to LSTM ( α = 0 . 560 ,

= 0 . 481 , JSC = 0 . 561 , JSC θ = 0 . 700 , RMSE = 1 . 015 ) and the com-

utation time was about 10% lower (due to the lower complexity 

f GRU compared to LSTM, see Section 2.3 ). 
12 
.3.3. Exploiting uncertainty information for motion analysis 

In addition, we studied the impact of exploiting the computed 

ncertainty information of DPPT for subsequent motion analysis . 

e considered the vesicle scenario with medium and high object 

ensity, and SNR = 1 , and determined the diffusion coefficient D diff

f the particles. D diff was computed by a mean-squared displace- 

ent analysis ( de Chaumont et al., 2012 ). From the computed tra- 

ectories we excluded uncertain track points for which the epis- 

emic uncertainty is high (we used a threshold of 1 . 0 pixel for the 

tandard deviation). The ground truth for the data with high ob- 

ect density is D diff = 1 . 979 pixel 2 / frame , and for medium density 

e have D diff = 2 . 011 pixel 
2 
/ frame ( Chenouard et al., 2014 ). When

onsidering all track points, the computed diffusion coefficients are 

 diff = 1 . 571 pixel 2 / frame with a relative error of 20 . 6% for the

igh density data, and D diff = 2 . 176 pixel 2 / frame with a relative er- 

or of 8 . 2% for the medium density data. Instead, when excluding 

ncertain track points, we obtain D diff = 1 . 874 pixel 2 / frame and 

 diff = 1 . 999 pixel 2 / frame with much lower relative errors of 5 . 3%

nd 0 . 6% , respectively. This demonstrates that the computed un- 

ertainty information of our network can be exploited to improve 

he accuracy of subsequent motion analysis. Fig. 12 shows example 

racking results of DPPT and computed uncertainty (aleatoric and 

pistemic uncertainty, probability density of state update) for two 

ifferent trajectories (image sections of 19 × 19 pixels ). One trajec- 

ory has a low uncertainty (high probability density values) while 

he other trajectory has a high uncertainty (low probability density 

alues). Fig. 13 shows tracking results of DPPT and computed un- 

ertainty (aleatoric and epistemic uncertainty, probability density 

f state update) for a larger image section ( 36 × 36 pixels ). It can 

e seen that the uncertainty varies between individual trajectories 

nd track points. 

.3.4. Choice of hyperparameters 

We also studied the dependency of the results of DPPT on the 

yperparameters. We used image data of the vesicle scenario from 

he Particle Tracking Challenge with medium object density and 

NR = 2 . Fig. 14 shows diagrams for the most relevant hyperpa- 

ameters and for the performance metric β , which is the most 

omprehensive metric covering all error types (detection, localiza- 

ion, linking). The best parameter settings are marked by red cir- 

les, which are the values we used when applying DPPT (both for 

he Particle Tracking Challenge images and for the real live cell mi- 

roscopy images). It can be seen that the performance of DPPT is 

elatively robust within certain ranges of the hyperparameters. The 

erformance decreases strongly when the network gets too com- 

lex (e.g., L > 3 , R > 70 ). Since for some hyperparameters the per-

ormance is similar for reduced values, we also tested our network 

ith reduced complexity (less layers and units, e.g., L = 1 , K = 10 ,

ayesian layers = 1, R = 10 ). However, then the performance was re- 

uced, and more importantly, the epistemic uncertainty was too 

mall and not well represented so that motion model selection for 

he training data did not work well. 
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Fig. 12. Tracking results of DPPT and computed uncertainty (aleatoric and epistemic uncertainty, probability density of state update, yellow: high probability values, red: 

low probability values) for two different trajectories (image sections of 19 × 19 pixels ) of the vesicle scenario with medium density and SNR = 2 . The current position is 

indicated by a cross. The original images were upscaled using interpolation by a factor 7 and the image contrast was enhanced for better visibility. 

Fig. 13. Tracking results of DPPT and computed uncertainty (aleatoric and epistemic uncertainty, probability density of state update, yellow: high probability values, red: low 

probability values) for an image section ( 36 × 36 pixels ) of the vesicle scenario with medium density and SNR = 2 . The current position is indicated by a cross. The original 

images were upscaled using interpolation by a factor 7 and the image contrast was enhanced for better visibility. 
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.4. Real live cell fluorescence microscopy images 

.4.1. Tracking performance 

We also performed a quantitative evaluation of DPPT based on 

eal live cell fluorescence microscopy image data of the hepatitis 

 virus (HCV) nonstructural protein 5A (NS5A), the HCV associated 

ellular Apolipoprotein E (ApoE), and chromatin structures (labeled 

uring DNA replication). We considered three 2D image sequences 

30 time points, 512 × 512 pixels , pixel size 0 . 22 × 0 . 22 μm 

2 , 16-

it) of proteins in HCV proteins expressing Huh7/LunetCD81H cells 

enoted by Seq. 1 to Seq. 3. Seq. 1 and Seq. 2 display the HCV

rotein NS5A and Seq. 3 shows the ApoE protein. The images were 

cquired using a confocal spinning disk microscope and an EMCCD 

amera ( Lee et al., 2019 ). This data set is challenging due to clus-

ering of particles, clutter, out of focus movement, and relatively 

ow SNR. We also used four 3D image sequences (11 time points, 

12 × 512 × 5 voxels , voxel size 0 . 0410 × 0 . 0410 × 0 . 125 μm 

3 , 16-

it) of chromatin structures (labeled by nucleotide incorporation 

uring DNA replication) in HeLa Kyoto cells denoted by Seq. 4 

o Seq. 7. The data was acquired by super-resolution 3D struc- 

ured illumination microscopy (3D-SIM) using a sCMOS camera 

 Chagin et al., 2016 ). Main challenges of this data set are clustering

f objects and decreasing SNR over time due to photobleaching. 
13 
etween 35 and 90 ground truth trajectories for difficult regions 

ere manually annotated in each of the seven image sequences 

sing the ImageJ plugin MTrackJ ( Meijering et al., 2012 ). Table 10 

ives an overview of the seven image sequences. Example image 

ections ( 200 × 200 pixels ) for Seq. 2 and for a z-slice ( z = 3 ) of

eq. 5 are shown in Fig. 15 . 

We compared the performance of DPPT with the Particle- 

racker (PT) ( Sbalzarini and Koumoutsakos, 2005 ), the Kalman fil- 

er based approach (KF) implemented in the ImageJ plugin Track- 

ate ( Tinevez et al., 2017 ), and the multiple hypothesis track- 

ng (MHT) approach ( Chenouard et al., 2013 ) implemented in Icy 

 de Chaumont et al., 2012 ). PT (Method 1 of the Particle Tracking

hallenge) establishes correspondences by greedy hill-climbing op- 

imization with topological constraints and localizes particles by 

terative intensity-weighted centroid calculation. KF employs SEF 

or particle localization and a linear assignment method for cor- 

espondence finding which is very similar to the method used in 

-track ( Jaqaman et al., 2008 ). MHT uses multiple motion models 

nd relies on a wavelet-based scheme to localize particles. For PT, 

F, and MHT, we tested several parameter settings and used the 

ettings yielding the best tracking results. We also compared DPPT 

ith our previous deep learning approaches DPT (for 2D images) 

nd DPHT (for 2D and 3D images). Note that DPPT, DPT, and DPHT 
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Fig. 14. Tracking performance of DPPT as a function of hyperparameters. Red circles indicate the best performance. 

Table 10 

Overview of the real fluorescence microscopy sequences used for evalaution. 

Sequence Image dimension Object type No. of trajectories 

Seq. 1 2D HCV NS5A protein 75 

Seq. 2 2D HCV NS5A protein 55 

Seq. 3 2D HCV associated ApoE protein 90 

Seq. 4 3D Chromatin structures 66 

Seq. 5 3D Chromatin structures 71 

Seq. 6 3D Chromatin structures 35 

Seq. 7 3D Chromatin structures 60 

Fig. 15. Example image sections ( 200 × 200 pixels ) of real live cell fluorescence microscopy data. The image contrast was enhanced for better visibility. 
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ere trained based on synthetic data only and then applied to real 

ata. This means that tedious manual annotation of the real data 

as not required for network training. 

Tracking results for all approaches for the 2D and 3D image 

ata are presented in Table 11 , 12 , respectively. It can be seen that

PPT performs best for most image sequences. For β , DPPT outper- 

orms the other approaches in five out of seven cases, and is sec- 
14 
nd best in the remaining two cases. In terms of α and JSC, DPPT 

ields the best result in five out of seven cases, and the second 

est result in one case. In terms of JSC θ , DPPT performs best in

hree cases and second best in four cases. For RMSE , DPPT yields 

he second best result in three cases. Fig. 16 shows ground truth 

nd tracking results for a trajectory of image sequence Seq. 1 (HCV) 

ith complex motion ( 19 × 19 pixels section). It can be seen that 
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Fig. 16. Ground truth and tracking results of different approaches for a 19 × 19 pixels section of image sequence Seq. 1 (HCV NS5A). The image contrast was enhanced for 

better visibility. 

Table 11 

Performance values of different tracking approaches for 2D 

real fluorescence microscopy image sequences Seq. 1 to 3 

displaying HCV NS5A and HCV associated ApoE proteins. 

The best performance values are highlighted bold and un- 

derlined, and the second best performance values are bold. 

The mean values for all approaches are also shown. 

Metric α β JSC JSC θ RMSE 

Seq. 1 (HCV NS5A) 

PT 0.545 0.506 0.635 0.644 1.253 

KF 0.528 0.505 0.586 0.659 0.979 

MHT 0.560 0.527 0.648 0.693 1.210 

DPT 0.606 0.559 0.649 0.644 0.904 

DPHT 0.610 0.575 0.676 0.697 1.016 

DPPT 0.648 0.611 0.713 0.711 0.975 

Seq. 2 (HCV NS5A) 

PT 0.590 0.496 0.629 0.557 1.064 

KF 0.559 0.481 0.564 0.550 1.088 

MHT 0.540 0.480 0.588 0.611 1.237 

DPT 0.633 0.540 0.632 0.605 1.008 

DPHT 0.619 0.556 0.652 0.622 1.117 

DPPT 0.639 0.567 0.658 0.630 1.069 

Seq. 3 (HCV associated ApoE) 

PT 0.324 0.306 0.382 0.414 1.255 

KF 0.525 0.432 0.499 0.529 1.137 

MHT 0.436 0.422 0.507 0.588 1.299 

DPT 0.614 0.499 0.586 0.527 1.068 

DPHT 0.626 0.510 0.614 0.538 1.052 

DPPT 0.640 0.516 0.619 0.543 1.192 

Mean values 

PT 0.487 0.436 0.549 0.538 1.191 

KF 0.537 0.473 0.550 0.579 1.068 

MHT 0.512 0.476 0.581 0.631 1.249 

DPT 0.617 0.533 0.623 0.592 0.993 

DPHT 0.618 0.547 0.647 0.619 1.062 

DPPT 0.642 0.565 0.663 0.628 1.079 

t

t

w

3

p

Table 12 

Performance values of different tracking approaches for 3D 

real fluorescence microscopy image sequences Seq. 4 to 7 

displaying chromatin structures. The best performance val- 

ues are highlighted bold and underlined, and the second 

best performance values are bold. The mean values for all 

approaches are also shown. 

Metric α β JSC JSC θ RMSE 

Seq. 4 

PT 0.305 0.285 0.415 0.500 1.823 

KF 0.336 0.282 0.408 0.489 2.048 

MHT 0.398 0.292 0.420 0.462 2.014 

DPHT 0.353 0.337 0.502 0.551 1.992 

DPPT 0.331 0.315 0.444 0.500 1.944 

Seq. 5 

PT 0.334 0.255 0.493 0.523 2.454 

KF 0.381 0.290 0.466 0.528 2.112 

MHT 0.337 0.286 0.443 0.529 2.189 

DPHT 0.365 0.302 0.436 0.565 1.902 

DPPT 0.384 0.326 0.463 0.593 1.956 

Seq. 6 

PT 0.443 0.415 0.657 0.683 1.962 

KF 0.540 0.446 0.587 0.673 1.582 

MHT 0.407 0.390 0.572 0.590 2.044 

DPHT 0.493 0.485 0.641 0.806 1.675 

DPPT 0.590 0.510 0.701 0.714 1.696 

Seq. 7 

PT 0.439 0.400 0.587 0.649 1.930 

KF 0.415 0.330 0.534 0.553 2.272 

MHT 0.453 0.417 0.604 0.647 1.926 

DPHT 0.424 0.403 0.574 0.708 1.904 

DPPT 0.447 0.415 0.624 0.701 2.058 

Mean values 

PT 0.380 0.339 0.538 0.589 2.042 

KF 0.418 0.337 0.499 0.561 2.004 

MHT 0.399 0.346 0.510 0.557 2.043 

DPHT 0.409 0.382 0.538 0.657 1.869 

DPPT 0.438 0.391 0.558 0.627 1.913 

r

c

t

d

o

he previous approaches (PT, KF, MHT, DPHT) yield broken trajec- 

ories, whereas DPPT yields a trajectory without gaps which agrees 

ell with the ground truth. 

.4.2. Exploiting uncertainty information for motion analysis 

In addition, we studied the impact of exploiting the com- 

uted uncertainty of DPPT for subsequent motion analysis in 
15 
eal live cell microscopy images. For Seq. 1 and Seq. 2, we ex- 

luded uncertain track points for which the epistemic uncer- 

ainty is high (we used a threshold of 0 . 5 pixel for the stan- 

ard deviation) and determined the diffusion coefficient D diff

f the particles (as in Section 3.3.3 for the Particle Tracking 
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hallenge data). The ground truth for Seq. 1 and Seq. 2 is 

 diff = 0 . 199 pixel 
2 
/ frame and D diff = 0 . 769 pixel 

2 
/ frame , respec-

ively. When considering all track points, the computed diffusion 

oefficients are D diff = 0 . 189 pixel 2 / frame with a relative error of 

 . 0% for Seq. 1, and D diff = 0 . 440 pixel 
2 
/ frame with a relative er-

or of 42 . 8% for Seq. 2. Instead, when excluding uncertain track 

oints, we obtain D diff = 0 . 190 pixel 2 / frame for Seq. 1, and D diff =
 . 816 pixel 2 / frame for Seq. 2 with lower relative errors of 4 . 5% and

 . 1% , respectively. This confirms the results for the Particle Track- 

ng Challenge data ( Section 3.3.3 ), and demonstrates for real live 

ell microscopy images that the computed uncertainty information 

f our network can be exploited to improve the accuracy of subse- 

uent motion analysis. 

. Conclusion 

We have introduced a novel probabilistic deep learning ap- 

roach for tracking multiple particles in fluorescence microscopy 

mage sequences. The proposed Deep Probabilistic Particle Tracker 

DPPT) is based on a recurrent neural network which mimics clas- 

ical Bayesian filtering. Compared to previous methods for par- 

icle tracking, our approach takes into account uncertainty, both 

leatoric (intrinsic noise in the data) and epistemic uncertainty 

uncertainty in network weights). The network exploits short and 

ong-term temporal dependencies in the object dynamics to pre- 

ict the state at the next time point, and uses assigned detections 

o update the predicted state. For correspondence finding, we have 

ntroduced a neural network that computes assignment probabili- 

ies jointly across multiple detections as well as determines proba- 

ilities for missing detections. Network training requires only sim- 

lated data and therefore tedious manual annotation of ground 

ruth is not necessary. We proposed a novel scheme to generate 

ynthetic training data using automatically extracted information 

rom the real images. This enables simulating a large amount of 

raining data that represent well the images in an application. 

We verified that both types of uncertainty (aleatoric and epis- 

emic uncertainty) are captured by the proposed Bayesian neural 

etwork and carried out an evaluation of uncertainty estimation. 

n advantage of our network is that information about the relia- 

ility of the extracted trajectories is determined. We demonstrated 

hat the computed uncertainty can be exploited to increase the ac- 

uracy of subsequent motion analysis by excluding unreliable track 

oints. In addition, we demonstrated that the uncertainty can be 

xploited to assess the suitability of the training data and to se- 

ect the training data set with the best-suited motion model so 

hat the training data better represents the real data in an applica- 

ion. The uncertainty could also be used to calibrate a microscopy 

xperiment by adjusting acquisition parameters. We conducted a 

uantitative evaluation of the tracking performance using 2D and 

D image data of the Particle Tracking Challenge as well as 2D and 

D real live cell fluorescence microscopy image sequences. A com- 

arison with previous methods showed that DPPT yields state-of- 

he-art or improved results. In future work, we will apply DPPT to 

uorescence microscopy images from other applications. 
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