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We are looking for a student who would like do his or her master thesis on the topic: 

Tracking of Biological Objects in Microscopy Using an Adaptive 
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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 

more likely than others. This renders the tracking task easier and more robust to solve. Using this 

prior knowledge can speed up the computation time and allow the system to deal with difficult and 

noisy images. 

 

In biological applications however, it is often the goal of the experiments to determine the statistics of 

motion in the first place. The motion model of the object thus cannot be predefined. The goal of this 

thesis should be to build a tracking system that uses a flexible adaptive motion model, which is 

learned prior to tracking from a few hand-tracked objects or user input. 

 

The main aspects of the thesis should be: 

 

 Study of literature 

 Design and implementation of a tracking system using an adaptive motion model  

 Allying and evaluating the system on real microscopy movies 

 Compare the system to other systems that use no motion model or a fixed one 

 

The student should ideally have a background in computer vision, image processing or machine 

learning, and possess good programming skills. 

 

 

Please contact Alexander Krull (alexander.krull@tu-dresden.de)  

Approximate Sequential Importance Sampling for Fast Particle Filtering
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Figure1. Examplesof object appearancefor different object sizesand SNR:

(a) sPSF = 1.16, SNR=2, (b) sPSF = 1.16, SNR=4, (c) sPSF = 13, SNR=2.

(d/e): Typical object trajectories generated using the nearly-constant-velocity

dynamics model.

tracking” , respectively (Fig. 1(a-c)). The positions and direc-

tions of motion of the objects are randomly chosen within the

image plane. The speed (i.e., the displacement in pixels per

frame) isdrawn uniformly at random over the interval [2,7] for

large objects and over [2,4] for small objects. The SNR of the

imagesof largeobjects is2 (ca. 6 dB), that for small objects is4

(ca. 12 dB). We use the SNR definition for Poisson noise [27].

In the literature on sub-cellular object tracking, a SNR of 4 is

considered critical, as for lower SNRs many of the available

tracking methods fail [24].

Knowing the ground-truth object positions and those esti-

mated by thePF, wequantify thetracking accuracy by theroot-

mean-square error (RMSE) in units of pixels. The likelihood

kernel for the large objects has a support of 65⇥65 pixels and

is correspondingly costly to evaluate. The kernel for the small

objects has a support of 9⇥9 pixels and is cheaper to evaluate.

Examplesof noise-free and noisy object profiles, together with

their likelihood kernels, are shown in Fig. 2.

Using double-precision arithmetics, a single PF particle

requires 52KB (i.e., six doubles and one integer) of computer

memory. The particles are initialized at the ground-truth loca-

tion and all tests are repeated 50 times for different realiza-

tions of the image-noise process on a single core of a 12-core

Intel R Xeon R E5-2640 2.5GHz CPU with 128GB DDR3

800MHz memory on MPI-CBG’s MadMax computer cluster.

All algorithms are implemented in Java (v. 1.7.0 13) within

the Parallel Particle Filtering (PPF) library [28]. The results

are summarized in Figs. 3 and 4 for large and small objects,

respectively.

5.4 Results

When tracking largeobjects (Fig. 3), both pcSIR versions pro-

videsignificant speedups over the classical SIR algorithm. For

12800 particles, pcSIR-1x1 is more than two orders of mag-

nitude faster than SIR with a 2.4% loss in tracking accuracy.

pcSIR-2x2 provides an up to 5.8% better tracking accuracy

than SIR while running over 50 times faster. Since SIR is also
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Figure 2. Examples of likelihood profiles. The noise-free objects are shown

in (a, e), and the noisy (SNR=2) object in (i) with sPSF = 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 sx is 30, for the rest s x = 10. The distance

between the grid-lines corresponds to the size of the image pixel.

an approximation of the actual posterior distribution, in some

cases pcSIR may provide a better representation of the poste-

rior and thusahigher tracking accuracy. Thisphenomenon has

been previously described [29].

When tracking small objects, the likelihood support requires

sub-pixel resolution and the effect of bin size is more visible

(Fig. 4). pcSIR-1x1 uses rather coarse bins compared to the

likelihood support (Fig. 2), resulting in a pronounced loss of

tracking accuracy. Visually, however, the trajectories produced

by SIR and pcSIR-1x1 arevirtually indistinguishable, sincethe

tracking accuracy of pcSIR-1x1 is still in the sub-pixel regime

(about 0.27 pixel). When finer bins (pcSIR-2x2) are used, the

tracking accuracy of pcSIR isagain better than that of SIR, and

pcSIR runs more than five times faster than SIR.

5.5 Convergence of SIR and pcSIR

Both SIR and pcSIR employ particle approximations of a

smooth, differentiable function, theorder of accuracy of which

depends on the number of particles N. In order to eliminate

uncertainties resulting from the dynamics model, we assume

the prior p(xk|Z
k− 1) to be either a uniform distribution over

3⇥3 or 5⇥5 pixels, or a Gaussian with sprior = { 0.5,0.8} ,

respectively. We then evaluate the likelihood in Eq. (4) with

s x = 20 using both SIR and pcSIR. We call this a “pseudo”-

tracking experiment. The object is a single PSF (Eq. (3)) with

sPSF = 1.16. Visualizations of theobject, likelihood, and prior

are shown in Fig. 5.

We compare two versions of pcSIR, which differ in the

placement of the dummy particles: In pcSIR-CoC, the dummy

particles are placed at the geometric centers of the bins,

whereas in pcSIR-CoM, the centers of mass of the state vec-

tors of all particles inside that bin are used. Each convergence

experiment is repeated 1000 times for different realizations of

the random process, and the number of particles is increased

up to 100000. We quantify the RMSE of the state estimation

as a function of the number of particles used. The resulting

convergence plots for pcSIR and SIR are shown in Fig. 6.
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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 

a fixed, pre-defined motion model. The goal there is to replace that with a 

motion model that can be flexibly learned from a few manually tracked 

examples. Figure from: Ö. Demirel, I. Smal, W. J. Niessen, E. Meijering, and 

I. F. Sbalzarini. Piecewise constant sequential importance sampling for fast 

particle filtering. In Proc. 10th IET Conf. Data Fusion & Target Tracking, 

Liverpool, UK, April 30 2014. IET. 

 


