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Abstract— Tracking virus particles in fluorescence microscopy
image sequences enables the characterization of the dynamical
behavior of these objects. Several approaches have been de-
veloped for the task of virus tracking. However, few studies
have quantitatively evaluated the performance of the different
approaches. Such a comparison is essential to predict the per-
formance of the approaches under realistic conditions. In this
paper, we present a quantitative evaluation of eight approaches
for tracking virus particles. We have investigated deterministic
and probabilistic approaches. The evaluation is based on nine
real microscopy image sequences of virus particles, for which
ground truth was obtained by manual tracking.

I. I NTRODUCTION

Tracking single virus particles in fluorescence time-lapse
microscopy images yields quantitative information that de-
scribes their dynamical behavior. Such information can be
employed to characterize the influence of antiviral drugs.
To obtain statistically sound conclusions, a large number
of particles must be tracked. Therefore, automatic tracking
approaches are required to efficiently handle the large amount
of image data.

Several approaches forvirus trackinghave been described.
Typically, deterministicapproaches have been employed (e.g.,
[1], [2]). For work on other fluorescent biomolecular structures
see, e.g., [3], [4], [5], [6], [7], [8]. More recently,probabilistic
approaches for tracking virus particles (e.g., [9], [10]) have
been introduced. For work on other fluorescent biomolecular
structures see, e.g., [11], [12], [13]. However, quantitative
comparisons of the performance of virus tracking approaches
are rare. Such comparisons are needed to predict the perfor-
mance of the approaches in real applications. The most exten-
sive experimental comparisons of tracking approaches for fluo-
rescent particles have been presented in [14], [15]. Both studies
evaluate the performance of deterministic tracking approaches
using synthetic images with different noise levels. The focus is
on object localization and the evaluated approaches are based
on four localization techniques: threshold-based localization,
2D Gaussian fitting, cross-correlation, and sum of absolute
differences. One finding is that the performance of the track-
ing approaches declines as the signal-to-noise ratio (SNR)
decreases. While the studies are relatively detailed, they have
three shortcomings. First, the performance measure is based
only on the localization error, and the influence of errors in

correspondence finding is ignored. Second, only deterministic
approaches are considered. Third, no real images have been
used.

In this work, we present a quantitative performance eval-
uation of approaches for tracking multiple virus particles
in fluorescence microscopy image sequences. In total, we
have evaluated eight tracking approaches. We have analyzed
two deterministic approaches as well as six probabilistic
approaches. The deterministic approaches are based on either
the spot-enhancing filter [16] or 2D Gaussian fitting for
particle localization, and a global nearest neighbor approach
for motion correspondence. The probabilistic approaches are
based on Kalman filters, a mixture of particle filters (MPF),
and independent particle filters (IPF). The approaches have
been applied to synthetic image sequences displaying virus-
like objects, as well as to 9 different real microscopy image
sequences (each comprising between 150 and 400 frames)
displaying HIV-1 particles. In comparison to [14], [15], the
employed performance measure reflects more comprehen-
sively the performance of the evaluated tracking approaches.
Additionally, deterministic as well as probabilistic approaches
are evaluated. Finally, compared to [14], [15], we quantifythe
performance of the approaches based on real image sequences.

II. A PPROACHES FORTRACKING MULTIPLE V IRUS

PARTICLES

Tracking comprises two main tasks: (1)object represen-
tation and localization, as well as (2)motion correspondence
and spatial-temporal filtering[17]. Typically, deterministic ap-
proaches address only the tasks of object representation, local-
ization, and motion correspondence. Probabilistic approaches
include additionally a spatial-temporal filtering mechanism.
In this section, we describe the investigated schemes for ob-
ject representation, localization, motion correspondence, and
spatial-temporal filtering. By combining the different schemes
we obtain different tracking approaches. Finally, we introduce
the employed performance measure.

A. Object Representation

For object representation we utilize a parametric approach.
We describe the intensity distribution of a virus particle at time
stept via a 2D Gaussian function, which is parametrized by
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the location of the virus(x, y), the peak intensityImax, and
the standard deviationσxy. The configuration of each virus
particle is represented in a state vectorxt = (x, y, Imax, σxy).

B. Object Localization

For object localization we investigate two approaches: an
approach based on the spot-enhancing filter (SEF), and an
approach using 2D Gaussian fitting (GaussFit). The first
approach is a data-driven localization scheme consisting in
applying a Laplacian-of-Gaussian (LoG) filter followed by
a segmentation step via an intensity threshold that is dy-
namically adjusted over time. The second approach is a
model-driven strategy where a 2D Gaussian function is fitted
to candidate regions-of-interest (ROIs) determined by local
intensity maxima. For each frame in an image sequence,
each localization approach computes a setZt of measured
position estimates. Each position estimate is defined asz =
(x, y, Imax, σxy).

C. Motion Correspondence

For motion correspondence, we use a global nearest neigh-
bor (GNN) approach. Given a setXt of N predictedposition
estimates and a setZt of N ′ measured position estimates, the
aim of a motion correspondence algorithm is to find the asso-
ciations between these two sets [18]. These associations can
be encoded in a binary matrixA, where the entriesaij denote
whether a match exists between a predicted positionxi

t and
a measured positionzj

t . The global nearest neighbor scheme
optimizes the matrixA by minimizing the linear cost function
Φ defined as the sum of the distancesd(xi

t, z
j
t ) induced by the

set of correspondences encoded inA. To optimize the matrix
A w.r.t. Φ, we employ the algorithm presented in [2], which
is based on a graph-theoretical approach for the transportation
problem.

D. Spatial-Temporal Filtering

Within the framework of sequential state estimation, the aim
of a spatial-temporal filter is to estimate the statext of a
virus particle at time stept given a sequence of measurements
y1:t. By representing the evolution of a virus via adynamical
modelp(xt|xt−1), and incorporating measurements from the
images via ameasurement modelp(yt|xt), a Bayesian solution
involves computing theposteriordistributionp(xt|y1:t) using
stochastic propagation and Bayes’ theorem:

p(xt|y1:t) ∝ p(yt|xt) p(xt|y1:t−1). (1)

If the dynamical and measurement models are assumed to be
linear and Gaussian, the recursion can be solved analytically
using a Kalman filter. More generally, the recursive relation
can be solved via approximation using a particle filter (e.g.,
[19]). The main idea behind this filter is to approximate the
posterior distribution using a set of weighted random samples.
For tracking multiple objects, one may track independently
each object by using one Kalman filter per object (e.g., [20]).
When tracking multiple objects with particle filters, multiple

modes arise in the posterior distribution computed over a one-
body state space. The multimodality can be modeled via a
non-parametricM-component mixture model, which can be
computed using a mixture of particle filters [21] (see also [12]
for an application to microtubuli growth). Analogous to the
Kalman filter case, one may alternatively track multiple objects
by instantiating one independent particle filter per object(e.g.,
[22]). To prevent the problem offilter coalescencethat arises
when employing independent particle filters, we here use an
approach that includes a penalization scheme [10].

For both the Kalman filter as well as the particle filter, we
adopt a random walk model to describe the temporal evolution
of the state vector. For the Kalman filter, the measurement is
defined asyt = (x, y, Imax, σxy) and thus the measurement
model directly compares the predicted position estimatext

with the measured position estimateyt. For the particle filter,
the measurement model quantifies the probability that a pre-
dicted sample generated a 2D Gaussian intensity distribution
in an ROIyt centered at the predicted position(x, y).

E. Evaluated Tracking Approaches

All approaches employ a 2D Gaussian intensity model to
represent virus particles. The deterministic approaches are
defined based on the different combinations of the localiza-
tion schemes and the motion correspondence scheme. We
have thus evaluated two deterministic approaches: 1) spot-
enhancing filter with global nearest neighbor (SEF&GNN),
and 2) 2D Gaussian fitting with global nearest neighbor
(GaussFit&GNN). Note that the motion correspondence step
requires a setXt of predicted position estimates. For the
deterministic schemes, a “predicted” positionxi

t is given by
the latest position estimate obtained for the tracked virus
particle i at the previous time stept − 1.

The probabilistic approaches are analogously obtained by
different combinations of the localization schemes and the
spatial-temporal filters. We have thus investigated the fol-
lowing probabilistic approaches: 3) spot-enhancing filterand
Kalman filters (SEF&Kalman), 4) spot-enhancing filter and a
mixture of particle filters (SEF&MPF), 5) spot-enhancing filter
and independent particle filters (SEF&IPF), 6) 2D Gaussian
fitting and Kalman filters (GaussFit&Kalman), 7) 2D Gaussian
fitting and a mixture of particle filters (GaussFit&MPF),
and 8) 2D Gaussian fitting and independent particle filters
(GaussFit&IPF). Note that the approaches using a mixture
of particle filters can only track a fixed number of objects.
The approaches using Kalman filters as well as those using
independent particle filters require a motion correspondence
step. For these approaches, we have employed the global
nearest neighbor approach presented above.

F. Performance Measure

To quantitatively assess the performance of the approaches
in each image sequence, we have employed the tracking
accuracy

Ptrack =
ntrack,correct

ntrack,total

, (2)
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TABLE I: Description of real microscopy image sequences.
Dimensions [pixels] No. of time steps No. of objects

Seq. 1 256×256 250 23
Seq. 2 256×256 250 10
Seq. 3 256×256 250 5
Seq. 4 256×256 150 21
Seq. 5 512×512 200 15
Seq. 6 512×512 400 29
Seq. 7 512×512 400 31
Seq. 8 512×512 400 43
Seq. 9 512×512 400 24

which reflects the ratio between the number of correctly
computed trajectoriesntrack,correct and the number of true
trajectoriesntrack,total. The valuentrack,correct is computed
as the weighted sum of the percentage of tracked time steps
rtracked,i for eachi-th true trajectory:

ntrack,correct =

ntrack,total∑

i=1

wirtracked,i, (3)

where the weightwi is given by a Gaussian functionG(·),
which takes as its argument the number of correctly computed
trajectoriesntrack,i corresponding to eachi-th true trajectory:
wi = G(ntrack,i;µ = 1, σ = 1). The weighting scheme is
introduced to penalize computed trajectories that are broken. A
computed trajectory is assumed to be correct if the Euclidean
distance between the measured object position and the true
object position is below 2 pixels at each time step. Note that
our performance measure integrates both localization errors
and correspondence errors, and thatPtrack ∈ [0, 1]. Examples
illustrating the measurePtrack are shown in Fig. 1.

III. E XPERIMENTAL RESULTS

We have applied all eight tracking approaches to synthetic as
well as real microscopy images. Below, we present the results
for nine real microscopy image sequences each comprising
between 150 and 400 frames. In these sequences, fluorescently
labeled HIV-1 particles were imaged using a fluorescence
wide-field microscope; movies were recorded with a frequency
of 10Hz. Ground truth for the virus positions was obtained by
manual tracking using the commercial software MetaMorph.
For all sequences, we have employed fixed parameter values
for all localization algorithms. Similarly, the noise param-
eters for the dynamical model of the Kalman filter were
set analogously as the ones employed for the particle filter.
Details for each sequence are given in Table I. The quantitative
experimental results for the nine sequences are presented in
Table II.

As an example, results for the real image sequence “Seq. 7”
are shown in Fig. 2. It can be seen that the trajectories
computed by the deterministic approach SEF&GNN exhibit
large displacements, which are artefacts generated by wrong
assignments. By introducing a spatial-temporal filtering step,
such errors are reduced, as can be seen in the results of
the probabilistic approach SEF&Kalman. The results for
SEF&MPF are relatively good. However, only a fixed number
of objects is tracked, which diminishes the performance. In

contrast, SEF&IPF handles a variable number of objects,
thereby tracking more objects and achieving improved results.

These observations are further supported by the quantitative
results in Table 2. The results indicate that the performance
of the evaluated deterministic approaches is not very good
(e.g., for the best deterministic approach, namely SEF&GNN,
we obtain a mean tracking accuracy ofP̄track = 67.33%).
One reason for this result is that localization errors (e.g.,
detection failures) as well as errors in correspondence finding
(e.g, incorrect assignments) reduce the number of correctly
computed trajectories. The approaches based on the Kalman
filter yield an improved result in comparison to the determin-
istic approaches (e.g.,̄Ptrack = 72.93% for the best Kalman-
based approach, namely SEF&Kalman). This suggests that
the inclusion of a spatial-temporal filtering step enhances
the performance. However, for the approaches using Kalman
filters, object localization and spatial-temporal filtering are
uncoupled. This implies that temporal information is not
used for object localization, and likewise, image information
is not directly used by the spatial-temporal filter. The ap-
proaches using MPF attain a relatively low tracking accuracy
(e.g., P̄track = 59.29% for the best MPF-approach, namely
SEF&MPF). One main reason for this result is that, in com-
parison to all other approaches, MPF cannot track a variable
number of objects (whereas in the investigated images, the
number of objects varies over time). Another reason is that
MPF uses a variable number of samples to estimate each
mixture component (usually corresponding to one object). As
such, the estimation accuracy decreases for those components
for which few samples have been assigned. In comparison,
approaches using IPF yield very good results. In fact, the
best result among all approaches is obtained by GaussFit&IPF
with P̄track = 78.74%. In contrast to MPF, IPF can handle a
variable number of objects, and employs a constant number
of samples for each tracked object. In contrast to approaches
using the Kalman filter, IPF capitalizes on the effective use
of spatial-temporal information by the particle filter, which
integrates object localization, motion correspondence, and
position estimation. We conducted a one-way ANOVA test
and it turned out that the differences in performance between
the different approaches are significant atp < 0.05.

IV. D ISCUSSION

We have presented a performance evaluation of eight dif-
ferent approaches for tracking multiple virus particles in
fluorescence microscopy images. We have evaluated deter-
ministic as well as probabilistic approaches and quantified
their performance for nine real microscopy image sequences.
Our experimental results suggest that there are significant
differences between the evaluated approaches in terms of
the obtained tracking accuracy. It also turned out that the
probabilistic approaches yield a better performance than the
deterministic approaches.
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Fig. 2: Tracking results of four approaches for the real image sequence “Seq. 7” (time stept = 110).


