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Abstract— Tracking virus particles in fluorescence microscopy correspondence finding is ignored. Second, only detertiinis

image sequences enables the characterization of the dynamicalapproaches are considered. Third, no real images have been
behavior of these objects. Several approaches have been de'used

veloped for the task of virus tracking. However, few studies In thi K t titati f |
have quantitatively evaluated the performance of the different n this work, we present a quantitative performance eval-

approaches. Such a comparison is essential to predict the per-uation of approaches for tracking multiple virus particles
formance of the approaches under realistic conditions. In this in fluorescence microscopy image sequences. In total, we
paper, we present a quantitative evaluation of eight approaches have evaluated eight tracking approaches. We have analyzed
for tracking virus particles. We have investigated deterministic 1 geterministic approaches as well as six probabilistic
and probabilistic approaches. The evaluation is based on nine S .
real microscopy image sequences of virus particles, for which approaches. The_ dete_rmlnlstlc approaches are basgc_i en eith
ground truth was obtained by manual tracking_ the SpOt—enhanCIng flltel‘ [16] or 2D Gaussian f|tt|ng for
particle localization, and a global nearest neighbor aggio
for motion correspondence. The probabilistic approachies a
|. INTRODUCTION based on Kalman filters, a mixture of particle filters (MPF),
Tracking single virus particles in fluorescence time-lapsend independent particle filters (IPF). The approaches have
microscopy images yields quantitative information that dédeen applied to synthetic image sequences displaying-virus
scribes their dynamical behavior. Such information can Wbi&e objects, as well as to 9 different real microscopy image
employed to characterize the influence of antiviral drugsequences (each comprising between 150 and 400 frames)
To obtain statistically sound conclusions, a large numbdisplaying HIV-1 particles. In comparison to [14], [15],eth
of particles must be tracked. Therefore, automatic tragkimmployed performance measure reflects more comprehen-
approaches are required to efficiently handle the large amosively the performance of the evaluated tracking appraache
of image data. Additionally, deterministic as well as probabilistic appches
Several approaches feirus trackinghave been described.are evaluated. Finally, compared to [14], [15], we quaritify
Typically, deterministicapproaches have been employed (e.gperformance of the approaches based on real image sequences
[1], [2]). For work on other fluorescent biomolecular sturets
see, e.g., [3], [4], [5], [6], [7], [8]. More recentlyprobabilistic [I. APPROACHES FORTRACKING MULTIPLE VIRUS
approaches for tracking virus particles (e.g., [9], [108vé PARTICLES
been introduced. For work on other fluorescent biomolecular
structures see, e.g., [11], [12], [13]. However, quantitat
comparisons of the performance of virus tracking approsic
are rare. Such comparisons are needed to predict the per
mance of the approaches in real applications. The most-ext
sive experimental comparisons of tracking approachesuor fl
rescent particles have been presented in [14], [15]. Boitliess
evaluate the performance of deterministic tracking apghrea
using synthetic images with different noise levels. Thai®is

Tracking comprises two main tasks: (bpject represen-
tation and localizationas well as (2motion correspondence
nd spatial-temporal filterinl 7]. Typically, deterministic ap-
Baches address only the tasks of object representaticat; |
tion, and motion correspondence. Probabilistic apgrea
include additionally a spatial-temporal filtering mectsmi
In this section, we describe the investigated schemes for ob
ject representation, localization, motion corresponderand

spatial-temporal filtering. By combining the different safes

on object localization and the evaluated approaches aEdba\f/e obtain different tracking approaches. Finally, we idtroe
on four localization techniques: threshold-based loetilim, the employed performance measure ’

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 (SNf¥) Object Representation

decreases. While the studies are relatively detailed, theg h  For object representation we utilize a parametric approach
three shortcomings. First, the performance measure isdba¥ée describe the intensity distribution of a virus partid¢ime
only on the localization error, and the influence of errors istept via a 2D Gaussian function, which is parametrized by



the location of the virugz, y), the peak intensity,,.., and modes arise in the posterior distribution computed overes on
the standard deviation,,. The configuration of each virusbody state space. The multimodality can be modeled via a
particle is represented in a state vector= (z,y, Iz, 02y). NON-parametrioM-component mixture model, which can be
computed using a mixture of particle filters [21] (see als®] [1
for an application to microtubuli growth). Analogous to the
Kalman filter case, one may alternatively track multiplesui$

For object localization we investigate two approaches: @y instantiating one independent particle filter per obfed.,
approach based on the spot-enhancing filter (SEF), and [aR]). To prevent the problem dilter coalescencéhat arises
approach using 2D Gaussian fitting (GaussFit). The firghen employing independent patrticle filters, we here use an
approach is a data-driven localization scheme consisting dpproach that includes a penalization scheme [10].
applying a Laplacian-of-Gaussian (LoG) filter followed by For both the Kalman filter as well as the particle filter, we
a segmentation step via an intensity threshold that is dydopt a random walk model to describe the temporal evolution
namically adjusted over time. The second approach isofithe state vector. For the Kalman filter, the measurement is
model-driven strategy where a 2D Gaussian function is fittegfined asy: = (2,9, Ljmax, 02y) and thus the measurement
to candidate regions-of-interest (ROIs) determined byallocmodel directly compares the predicted position estimate
intensity maxima. For each frame in an image sequenggith the measured position estimate For the particle filter,
each localization approach computes a Sgtof measured the measurement model quantifies the probability that a pre-
position estimates. Each position estimate is defined as dicted sample generated a 2D Gaussian intensity distibuti
(%, 9, Imaz> Oay)- in an ROly, centered at the predicted position, y).

B. Object Localization

C. Motion Correspondence E. Evaluated Tracking Approaches

For motion correspon_dence, we use a 9'0*?3' nearggt neighAII approaches employ a 2D Gaussian intensity model to
bor (GNN) approach. Given a sét; of IV predictedposition o esent virus particles. The deterministic approaches a

. - 'S .
estimates and a sef;, of N' measured position estimates, thejefined based on the different combinations of the localiza-

ciations between these two sets [18]. These associalions faye thys evaluated two deterministic approaches: 1) spot-
be encoded in a blna}ry matrix, where the.entrlesij .anote enhancing filter with global nearest neighbor (SEF&GNN),
whether a match exists between a predicted positipmand 5y 2) 2D Gaussian fitting with global nearest neighbor

.y _7 .
a measured positiom;. The global nearest neighbor schemgs, issFits GNN). Note that the motion correspondence step

optimizes the matriXA by minimizing the linear cost function requires a setX; of predicted position estimates. For the

® defined as the sum of the diStaan&X;’ZQ ir_lduced by th_e deterministic schemes, a “predicted” positigf is given by

set of correspondences encodeFiAlnTo optimize _the matr|>.< the latest position estimate obtained for the tracked virus
A w.rt. ®, we employ the algorithm presented in [2], Wh'Chbarticlei at the previous time step— 1.

is based on a graph-theoretical approach for the transfmrta The probabilistic approaches are analogously obtained by

problem. different combinations of the localization schemes and the
spatial-temporal filters. We have thus investigated the fol

D. Spatial-Temporal Filtering lowing probabilistic approaches: 3) spot-enhancing fited

. . N .Kalman filters (SEF&Kalman), 4) spot-enhancing filter and a

Within the framework of sequential state estimation, thna ai i ture of particle filters (SEF&MPF), 5) spot-enhancingsii

O.f a spat_lal-temporal fllter_ IS to estimate the state of a and independent particle filters (SEF&IPF), 6) 2D Gaussian
virus particle at time stepgiven a sequence of measurementfs

. ) ) . . itting and Kalman filters (GaussFit&Kalman), 7) 2D Gaussian
y1.¢. By representing the evolution of a virus viadgnamical

modelp(x;|x, 1), and incorporating measurements from thgttlng and a mixture of particle filters (GaussFit&MPF),

. . ) ._—and 8) 2D Gaussian fitting and independent particle filters
images via aneasurement modgly:|x:), a Bayesian solution . ' .

. ; S . (GaussFit&IPF). Note that the approaches using a mixture
involves computing th@osterior distributionp(x;|y1.+) using

. . ) i of particle filters can only track a fixed number of objects.
stochastic propagation and Bayes’ theorem: . ) :
The approaches using Kalman filters as well as those using
P(xe|y1e) o< p(yexe) p(Xe|y1ie—1)- (1) independent particle filters require a motion correspooeen
step. For these approaches, we have employed the global
If the dynamical and measurement models are assumed tone@rest neighbor approach presented above.
linear and Gaussian, the recursion can be solved analytical
using a Kalman filter. More generally, the recursive relatio
can be solved via approximation using a particle filter (e.d> Performance Measure

[19]). The main idea behind this filter is to approximate the 1o guantitatively assess the performance of the approaches
posterior distribution using a set of weighted random sas\plj, each image sequence, we have employed the tracking
For tracking multiple objects, one may track independentlyccyracy
each object by using one Kalman filter per object (e.g., [20])

Nitrack,correct (2)
When tracking multiple objects with particle filters, mulép

Ptrack' = )
Ntrack,total



TABLE I: Description of real microscopy image sequences¢ontrast, SEF&IPF handles a variable number of objects,
Dimensions [pixels] _No. of time steps _ No. of objects  thereby tracking more objects and achieving improved tesul

Seq. 1 256256 250 23 These observations are further supported by the quanétati
gggé gggggg ggg 150 results in Table 2. The results indicate that the perforraanc
Seq. 4 256256 150 21 of the evaluated deterministic approaches is not very good
Seq. 5 51&512 200 15 (e.g., for the best deterministic approach, namely SEF&GNN
Seq. 6 51512 400 29 we obtain a mean tracking accuracy Bf.qc, = 67.33%)

Seq. 7 51%512 400 31 _ g Y Dlrack = 07.5570).

Seq. 8 51%512 400 43 One reason for this result is that localization errors (e.g.
Seq. 9 51%512 400 24 detection failures) as well as errors in correspondencéntind

(e.g, incorrect assignments) reduce the number of coyrectl
computed trajectories. The approaches based on the Kalman
filter yield an improved result in comparison to the determin
which reflects the ratio between the number of correctigtic approaches (e.9B: qck = 72.93% for the best Kalman-
computed trajectorie® qck correct @nd the number of true based approach, namely SEF&Kalman). This suggests that
trajectoriesni ack totar- The Valueni,qck. correct 1S cOmputed the inclusion of a spatial-temporal filtering step enhances
as the weighted sum of the percentage of tracked time stépe performance. However, for the approaches using Kalman
Tiracked,s TOr €achi-th true trajectory: filters, object localization and spatial-temporal filterimre
' uncoupled. This implies that temporal information is not
used for object localization, and likewise, image inforimiat
is not directly used by the spatial-temporal filter. The ap-

. o . . roaches using MPF attain a relatively low tracking accyrac
where the weightw; is given by a Gaussian functio@(-), z 9 Y g acoy

. . €.0., Pirack = 59.29% for the best MPF-approach, namel
which takes as its argument the number of correctly comput %QI’:&I\AELIC:]; One maion reason for this resm?lfis that, in cor¥1-

trajectoriesnyyqcr,; corresponding to eackh true trajectory: o vison 10 all other approaches, MPF cannot track a variable

w; :d G(Tcljtmcm;ul_: Lo = 1)6 The wel'ghtlr;]g SChZ;Tnsk'S number of objects (whereas in the investigated images, the
Introduced to penalize computed trajectories that are number of objects varies over time). Another reason is that

computed trajectory is assumed to be correct if the Euaﬁde@lPF uses a variable number of samples to estimate each

dls_tance b_e_twe_en the mea_sured object p_osmon and the TiXture component (usually corresponding to one objecs). A
object position is below 2 p|_xe|s at each time stgp. Note th@lﬁch, the estimation accuracy decreases for those comigonen
our performance measure integrates both Iocahzauonrserr(f)Or which few samples have been assigned. In comparison,
gnd correspondence errors, and thgh.c. € [0’,1]' Examples approaches using IPF yield very good results. In fact, the
lllustrating the measur@t,q.. are shown in Fig. 1. best result among all approaches is obtained by GaussHt&IP
With Pyqer = 78.74%. In contrast to MPF, IPF can handle a
lIl. EXPERIMENTAL RESULTS variable number of objects, and employs a constant number
We have applied all eight tracking approaches to synthsticaf samples for each tracked object. In contrast to appr@ache
well as real microscopy images. Below, we present the iesulising the Kalman filter, IPF capitalizes on the effective use
for nine real microscopy image sequences each comprisiigspatial-temporal information by the particle filter, whi
between 150 and 400 frames. In these sequences, fluorgsceéntegrates object localization, motion correspondenas] a
labeled HIV-1 particles were imaged using a fluorescengesition estimation. We conducted a one-way ANOVA test
wide-field microscope; movies were recorded with a freqyenand it turned out that the differences in performance betwee
of 10Hz. Ground truth for the virus positions was obtained kihe different approaches are significanpat 0.05.
manual tracking using the commercial software MetaMorph.
For all sequences, we have employed fixed parameter values IV. DiscussioN
for all localization algorithms. Similarly, the noise para  We have presented a performance evaluation of eight dif-
eters for the dynamical model of the Kalman filter weréerent approaches for tracking multiple virus particles in
set analogously as the ones employed for the particle filtorescence microscopy images. We have evaluated deter-
Details for each sequence are given in Table |. The quaimétatministic as well as probabilistic approaches and quantified
experimental results for the nine sequences are presemtedhiir performance for nine real microscopy image sequences
Table II. Our experimental results suggest that there are significant
As an example, results for the real image sequence “Seq.differences between the evaluated approaches in terms of
are shown in Fig. 2. It can be seen that the trajectorifse obtained tracking accuracy. It also turned out that the
computed by the deterministic approach SEF&GNN exhibjtrobabilistic approaches yield a better performance then t
large displacements, which are artefacts generated bygwrateterministic approaches.
assignments. By introducing a spatial-temporal filteriteps
such errors are reduced, as can be seen in the results of
the probabilistic approach SEF&Kalman. The results foftl G. Seisenberger, M. U. Ried, T. Endress, H. Buning, M.léaland
SEF&MPF are relatively good. However, only a fixed number ~ C: Brauchle, “Realtime single-molecule imaging of the infection
pathway of an adeno-associated virusScience vol. 294, no. 5548,
of objects is tracked, which diminishes the performance. In  pp. 1929-1932, 2001.

Ntrack,total

Ntrack,correct = § WiTtracked,is (3)
i=1
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Fig. 2: Tracking results of four approaches for the real imagquence “Seq. 7” (time stép= 110).



