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Examples of object appearances (top row) and motion (bottom row). The
objects have been tracked from videos using a particle filtering approach with
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Figur e 1. Examples of object appearance for different object sizes and SNR:
(a) s PSF = 1.16, SNR=2, (b) s PSF = 1.16, SNR=4, (c) s PSF = 13, SNR=2.
(d/e): Typical object trajectories generated using the nearly-constant-velocity
dynamics model.

Figur e 2. Examples of likelihood proﬁles. The noise-free objects are shown
in (a, e), and the noisy (SNR=2) object in (i) with s PSF = 1.16. We show the
corresponding likelihood kernels (b, f, j), the approximated likelihoods used
by pcSIR-1x1 (c, g, k), and the approximated likelihoods used by pcSIR-2x2
(d, h, l). In (b, c, d) the parameter s x is 30, for the rest s x = 10. The distance
between the grid-lines corresponds to the size of the image pixel.

Tracking moving cells or moving objects inside of cells has become vital in the field of experimental
cell biology and regenerative medicine, where large amounts microscopy movies are acquired. When
tracking an object one usually assumes a statistical motion model describing which movements are
tracking” , respectively (Fig. 1(a-c)). The positions and direc- an approximation of the actual posterior distribution, in some
more likely
This
renders
thewithin
tracking
taskpcSIR
easier
and more robust to solve. Using this
tions of than
motion others.
of the objects
are randomly
chosen
the cases
may provide a better representation of the posteimage plane. The
speed
(i.e., the
in pixels per time
prior knowledge
can
speed
updisplacement
the computation
andthus
allow
the
system
toThis
deal
with difficult
and
rior and
a higher
tracking
accuracy.
phenomenon
has
frame) is drawn uniformly at random over the interval [2, 7] for been previously described [29].
noisy images.
large objects and over [2, 4] for small objects. The SNR of the
When tracking small objects, the likelihood support requires
images of largeobjects is2 (ca. 6 dB), that for small objects is4 sub-pixel resolution and the effect of bin size is more visible
(ca. 12 dB).
We use the SNR
deﬁnition foritPoisson
noisethe
[27].goal
In biological
applications
however,
is often
of4).
the
experiments
determine
thetostatistics
of
(Fig.
pcSIR-1x1
uses ratherto
coarse
bins compared
the
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motion in the first place. The motion model of the object thus cannot be predefined. The goal of this
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All algorithms are implemented in Java (v. 1.7.0 13) within tracking experiment. The object is a single PSF (Eq. (3)) with
the Parallel Particle Filtering (PPF) library [28]. The results s PSF = 1.16. Visualizations of the object, likelihood, and prior
are summarized in Figs. 3 and 4 for large and small objects, are shown in Fig. 5.
respectively.
We compare two versions of pcSIR, which differ in the
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placement of the dummy particles: In pcSIR-CoC, the dummy
particles are placed at the geometric centers of the bins,
5.4 Results
whereas in pcSIR-CoM, the centers of mass of the state vecWhen tracking large objects (Fig. 3), both pcSIR versions pro- tors of all particles inside that bin are used. Each convergence
vide signiﬁcant speedups over the classical SIR algorithm. For experiment is repeated 1000 times for different realizations of

