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ABSTRACT

Single-particle tracking is computationally a challenging prob-
lem, and usually solved with local methods. Local methods suffer
from defects in the image data or in the detection of particles, such
as temporal disappearing of particles. A particle tracking method
has to provide a solution also to real disappearing and appearing of
particles as a result of merging and splitting. Here, we present an ef-
ficient, greedy algorithm as a solution to the particle tracking prob-
lem. This improved local method is application independent, as it
has high configurability of the function used to solve particle corre-
spondence. To demonstrate the accuracy of the method, we apply it
to real microscopy image data with the BiolmageXD software, vali-
date it using simulated image data, and compare it to a well-known
existing method.

Index Terms— Particle tracking, Biomedical image processing,
Image motion analysis, Optical microscopy, Greedy algorithms

1. INTRODUCTION

In order to gain in-depth understanding of the cellular physiological
processes during cell division, migration and pathological processes
such as cancer and inflammation, it is imperative to study these pro-
cesses in live cells. Recent advances in biomedical imaging have
facilitated the detection of fast cellular processes in 3D.

The dynamic behaviour of particles ranging from molecular
structures to whole cells, can be analysed using single-particle
tracking methods. In single-particle tracking, the three-dimensional
spatial locations of particles are traced through a time-lapse se-
quence of image volumes, producing particle trajectories that can be
analysed for instance for speed or direction of movement.

However, single-particle tracking in fluorescence microscopy is
a challenging task. First, the size, shape and intensity of fluores-
cent particles often vary through the recorded time series. This com-
plicates the process of linking the detected particles, which there
may be hundreds of, to the corresponding ones in the following time
point. Second, estimating the particle location in the next time point
may be problematic. Microscopic particles in cells often exhibit
Brownian motion, causing their movements to be somewhat erratic,
even if they are being actively transported. Larger biological parti-
cles, such as cells, also tend to constantly change their direction of
movement and have a complex, labile morphology. For these rea-
sons, many particle tracking methods search for the corresponding
particle using a specified maximum distance from the location of the
particle in the previous time point, instead of trying to estimate the
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direction of movement. Third, there are many events that can oc-
cur during the image series that complicate tracking [1]. In a merge
event, two or more particles merge into one. This can happen when
particles are closer to each other than what the resolution limit of the
imaging device is, or when a real cluster is formed. A split event
occurs when a single particle is split into two or more distinct par-
ticles. Additional events to take into account include appearing and
disappearing of particles in the middle of a time series. Appearing
of a completely new particle occurs when a particle has moved into
focus or into the field of view, or when a particle has gained enough
size and intensity as a result of the clustering of fluorophores. Disap-
pearing is defined as an event where an individual particle disappears
without merging with other particles.

General single-particle tracking problem is NP-hard [2], which
makes finding a global solution, without approximations, computa-
tionally unfeasible even for tens of particles [1, 3]. To circumvent
this constraint, many tracking algorithms solve particle correspon-
dence locally. Greedy optimization makes particle tracking efficient,
but it usually cannot give an optimal global solution to the parti-
cle tracking problem [4]. Also, some local algorithms do not handle
merge and split events [5]. To improve local results, some algorithms
use an additional global step to recover the temporal disappearing of
particles [2, 3]. The downside is that many of these methods treat
merge and split events as temporal disappearing and appearing of
particles [2, 3].

In this paper, we present a new, greedy, local single-particle
tracking method for 3D fluorescence microscopy image data, de-
signed to overcome the challenges mentioned. Our algorithm han-
dles merge, appear and disappear events using only one-pass through
the particles in the time series. A split event is considered as the ap-
pearing of one new particle. We focus on finding trajectories of par-
ticles rather than methods to detect them. There are several meth-
ods for detecting particles, for instance spot detection methods for
finding small point-like structures [6], or active contour methods for
detecting large cells [7, 8]. The single-particle tracking method pre-
sented here is not application specific, and can thus be used to track
the movement of virtually any type of particles.

2. METHODS

2.1. Particle tracking method

Proposed particle tracking method makes decisions using informa-
tion of the existing trajectories and of the particles of the time point
under evaluation. Optimization of the particle selection for each tra-
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jectory is based on the calculation of a goodness value. The goodness
value is calculated using particle location, size, average intensity and
direction of movement, and information of previous particles in the
trajectory. The user can control the method by setting weights to
these four parameters. Additionally, the user can define terms of
maximum deviation for the parameters that each particle has to fulfill
before being considered for the trajectory. If required, the weights
and terms can also be used to limit the tracking to specific trajecto-
ries, such as those of fairly straight moving particles.

The terms for size, average intensity and direction angle are de-
fined using the specified maximum deviations, as compared to the
previous particle in the trajectory. For the location term, the user can
define a minimum (D;) and a maximum (D}, ) distance in addition to
the maximum deviation. Let oq4, 0, 0;, 04 > 0 be the user-defined
deviations of distance, size, average intensity and direction angle, re-
spectively. Also, let p; be the time point, p; the location, p, the size,
and p; the average intensity of particle p, and let p, be the angle of
particle direction, and ¢, the particle of k:th time point in trajectory
t. Using these definitions, all particles p that fulfill the terms pre-
sented in equation 1 are considered to be included in the trajectory
t.
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where d = ||pi — (tp,—1)1]|. The direction angle of particle p, is
calculated using the location of the particle p; and the locations of
two previous particles in the trajectory (¢p,—1); and (tp,—2);. Let @
and ¥ be vectors defined as @ = p; — (tp,—1); and T = (tp,—1)1 —
(tp,—2)1- The direction angle of the particle is then
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To determine the goodness of fit for particle p in trajectory ¢, we
define function W separately for distance, size, average intensity and
direction angle as defined in equation 2.
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Finally, goodness of fit for particle p in trajectory ¢ is computed
using equation 3.

Q(t,p) = > _ wk * Ui(t,p) €))
k

Step 1. If first time point, create new trajectory for every particle
in the time point and finish iteration.

Step 2. Calculate goodness value using equation 3 for every par-
ticle and track combination that fulfills definitions of
equation 1.

Step 3. Go through each goodness value from highest to lowest.
Add particle p to trajectory ¢, if ¢ and p used to calcu-
late goodness value are not used yet, ¢ is not terminated,
and Q(t,p) > a * hy, where h; is the highest goodness
value calculated for ¢t. Mark every trajectory, that had
same particle as trajectory ¢ in previous time point, as
terminated.

Step 4. Add particle with highest goodness of fit for every track
that is not used or terminated. If there are no particles
that fulfill definitions of equation 1, then mark trajectory
as terminated.

Step 5. For every particle that is not used yet, create new track
and add particle to that track.

Fig. 1. Description of the steps of our particle tracking algorithm,
iterated for every time point. a € [0, 1] is a user-defined clustering
factor. Higher « value results in more merging of trajectories.

where wy, k € {d, s,1,a} are the user-defined weights for the four
parameters. For the weights it holds that wy € [0,1] and >, wr =
1.

The proposed particle tracking method creates trajectories us-
ing a breadth-first search of particles. Unlike depth-first search, this
makes it possible to optimize the selection of the particles for all tra-
jectories at every time point. The key steps of the particle tracking
method, iterated for every time point, are presented in Figure 1. Step
1 is initialization, done only for the first time point. Step 2 calculates
the goodness of fit of the particles to existing trajectories. In step
3, unused particles are assigned to unused trajectories. A trajectory
does not necessarily get the particle that has the highest goodness
value calculated in step 2, since that particle might already be as-
signed to another trajectory for which it had a higher goodness of fit.
Clustering of the particles is handled in step 4, where also trajectories
without suitable particles are terminated. This provides a solution to
the merge and disappear events. Finally, in step 5, new trajectories
are created for all unused particles. This step solves the appear and
split events. An open source implementation of the proposed particle
tracking method is available in the BiolmageXD software [9].

2.2. Real data

We tested our particle tracking method with the known phenomenon
of echovirus 1 induced clustering of its receptor, @231 integrin [10].
The integrins were labeled with a fluorophore-conjugated antibody,
and five consecutive image series were acquired, each consisting of
40 three-dimensional image stacks taken with 30 second intervals
with a confocal microscope (Olympus FV1000; slice dimensions
512 x 512, number of slices per stack 19-22, voxel size 0.207 x
0.207 x 0.500 pm?®).

Before tracking, particles were detected from all 200 image
stacks with an automatic spot detection method as follows: 1) dif-
ference of Gaussian filtering with 3D kernel, 2) voxel classification
in three groups with Otsu’s automatic thresholding [11], 3) voxels in
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the brightest group labeled as particles with connected component
labeling (removing particles smaller than seven voxels), and 4) par-
ticles quantified for centroid, volume and average intensity (values
used in subsequent tracking). The number of detected particles per
image stack ranged from 90 to 265. All processing was done with
the BiolmageXD software [9].

Trajectories were created using the particle tracking method
with following parameters: D; = 0.0um, Dy, = 1.0um, o4 = 1.0,
os = 1.5,0, = 1.0, 0, = m, wg = 0.4, w; = 0.25, ws = 0.15,
wq = 0.2, and o = 0.75.

2.3. Simulated data

We created three sequences of simulated image stacks to validate our
particle tracking method. Every simulated series had 20 time points
(dimensions 512 x 512 x 20, voxel size 0.207 x 0.207 x 0.500 ,u,mg,
temporal resolution 30 seconds). For the first time point, particles
were set to discrete locations with a random average intensity value
between 96 and 128. The number and sizes of the particles were
initialized using results of the real data analysis. The speed and di-
rection of movement of each particle was set at every time point.
Clustering of the particles was defined to increase their size and av-
erage intensity.

The first series was initialized with 103 particles, set to move in
random directions at random speeds less than 34.5 nm/sec, without
clustering. The second series was initialized with 154 particles, set
to move at random speeds less than 69 nm/sec, with 15% of the
particles closer than 1.4 pum to each other clustering at every time
point. To facilitate clustering, 15% of the particles at every time
point were set to move towards one of six randomly initialized target
points. Other particles were set to move in random directions. The
third series was set to have more merging of the particles than the
second series. The speeds of the particles were set to be less than 138
nm/sec. 30% of the particles closer than 1.8 um were set to cluster
and 30% of the particles set to move towards three target points. All
simulations were created with the BiolmageXD software [9].

The particle tracking method was used to create trajectories for
all three simulated series. Parameters were the same for all series,
except for Dy, D; = 0.0um, oq = 1.0, 05 = 0.5, 03, = 0.5, 04 =
T, wg = 0.4, w; = 0.25, ws = 0.25, w, = 0.1, and « = 0.75.
Dy, was set to 1.0pm, 1.5um, or 2.5um for the first, second, and
third series respectively, to create trajectories with varying particle
speeds.

3. RESULTS

3.1. Real data results

We analysed the movement of the particles in real data using four
parameters: average number of time points in the tracks, average
length of the tracks, average speed of the particles and average di-
rectional persistence. The average number of time points is defined
as the duration of a track in frames. Directional persistence of track
t is defined as

[[(tn)e = (£l

S ) — (timnl|

where n is the number of time points in trajectory .

The results (Table 1) show that average speed of the particles
tends to slow down with time. Directional persistence seemed great-
est in the first series, meaning less Brownian motion, although the
difference is small. The average number of time points per track was
smallest in the first series, possibly caused by more active merging
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Table 1. Results of the analysis of real microscopy data. Four pa-
rameters are shown for each series: average number of time points
in tracks, average length of tracks, average speed of particles and
average directional persistence.

Time point | Avg. Avg. length  Avg. speed Avg. dp
tpts  (um) (nm/sec)
33 min 842 4.15+£0.16 21.8+0.5 0.53+0.02
62 min | 1037 3.75+0.16 16.04+0.5 0.44£0.02
92 min | 10.10 4.05+0.12 19.6+0.4 0.48+0.01
118 min 9.57 3.76+0.13 18.2+£0.5 0.48+0.02
141 min | 10.77 3.74+0.18 1544+0.5 0.46 +0.02
- - ! g =
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Fig. 2. Particle tracking results of real data of four consecutive time
points. Upper row: small regions cut from a single plane of the
original image data. Lower row: detected particles from the same
regions, with three sample trajectories. Particles belonging to the
same trajectory have the same color. Two of the trajectories merge
in the third time point.

of the particles. On the whole, the results of the five series were con-
sistent, and in agreement with the biology of the integrin clustering
phenomenon [10], indicating that our particle tracking method was
properly measuring the phenomenon. An example of the trajectories
created is shown in Figure 2.

3.2. Simulated data results

We analysed the movement of the particles in simulated data using
four parameters: number of tracks, average number of time points
in tracks, average speed of particles and average directional persis-
tence. The number of tracks was used to measure whether the parti-
cle tracking method correctly estimated merging of the particles.

We compared the ground truth of the simulated data (Table 2) to
the particle tracking results of the same data (Table 3). The average
speed and average directional persistence matched within error lim-
its for all simulations. The number of tracks and the average number
of time points in tracks also matched for simulation 1, but small
discrepancies emerged with the other simulations, as expected with
increasing particle speed. Still even the result for simulation 3 was
reasonably good, considering that it is an extreme case, where the
average speed of particles is over three times higher than the fastest
movement detected from real data.

We compared our method to the previously published and val-
idated method by Jagaman et al [1]. We configured the Jagaman
method using the same values of parameters as used in our method,
but since the methods have somewhat different sets of parameters,
the results acquired with the Jagaman method are only approxi-



Table 2. Ground truth of simulated data for method validation. For
each simulation, four parameters are shown: number of tracks, av-
erage number of time points in tracks, average speed of particles in

tracks and average directional persistence.

Series # of Avg. Avg.speed Avg. dp
tracks  tpts (nm/sec)

Simulation 1 | 103 200 17.4+0.3 0.254+0.02

Simulation 2 | 154 18.1 34.5£0.5 0.30+0.02

Simulation 3 | 146 162 69.3+1.1 0.36+0.02

Table 3. Results of the analysis of simulated data. For each analysed
series, the same four parameters are shown as in Table 2.

Proposed #of Avg. Avg.speed Avg. dp
method tracks  tpts (nm/sec)

Simulation 1 | 104 19.8 17.9+0.3 0.25+0.02
Simulation 2 | 164 169 35.5£0.6 0.32+0.02
Simulation 3 | 177 133 68.5+t1.1 0.39+0.02
Jagaman # of Avg. Avg. speed Avg. dp
method [1] tracks  tpts (nm/sec)

Simulation 1 | 115 177 182+0.5 0.28+0.02
Simulation 2 | 173 157  33.8+£0.7 0.35+0.02
Simulation 3 | 147 151 70.6+1.7 0.35+0.02

mate. Both methods gave fairly similar results for the average speed
and the average directional persistence for all simulations, but our
method generally produced better results for the number of tracks
and the duration of tracks. Here the Jagaman method performed bet-
ter only with the extreme case of the fast moving and highly merging
particles of simulation 3, most likely because of an additional linking
step done to the tracks.

We also analysed the number of perfect tracks (tracks in the
analysis results that have a complete match in the ground truth) and
successful linking of individual particles between time points. The
results show (Table 4) that our particle tracking method worked al-
most perfectly with simulation 1, which did not include any merging.
Only one incorrect link was made due to a single merging of two par-
ticles, and as a consequence, two tracks were set as non-perfect and
one new track was created. This illustrates the sensitivity of the per-
fect tracks metric. Simulation 2 gave a 98.9% accuracy for the links
and over 50% of perfect tracks. The fast moving and highly cluster-
ing simulation 3 gave 26.0% of perfect tracks, but the linking accu-
racy was still high (94.7%), proving that the quantitative analysis of
the movement of the particles can be reliably derived as presented in
Table 3.

Our method resulted in a higher number of perfect tracks and
correct links than the Jagaman method, for all simulations. The re-
sults differed from the quantitative measurements in the fast moving
and highly merging simulation 3. It seemed that longer tracks gen-
erated by the Jagaman method often had at least one incorrect link
assigned.

4. CONCLUSIONS

We have presented a new, greedy single-particle tracking method.
This method can be used to efficiently track hundreds or thousands
of particles, as it only needs one-pass through the particles in a time
series. The method provides a solution to the particle correspon-
dence problem, including handling of merging, splitting, appearing
and disappearing events. Options to configure the method for numer-
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Table 4. Results of the track analysis of simulated data. The number
of perfect tracks compared to the total number of tracks, and the
number of correct particle links compared to total particle links, are
shown for each analysed series.
Proposed Tracks (perfect / total)
method
Simulation 1
Simulation 2
Simulation 3
Jagaman
method [1]
Simulation 1
Simulation 2
Simulation 3

Links (correct / total)

101/104=97.1%
94 /164 =57.3%

46/ 177 = 26.0%
Tracks (perfect / total)

1956 / 1957 =99.9%
2579 /2609 =98.9%
2067 /2183 =94.7%
Links (correct / total)

7917115 =68.7%
59/173=34.1%
471147 =2.7%

1883 /1917 =98.2%
2370/2535=93.5%
1594 /2075 =76.8%

ous different applications were presented. We tested the method by
quantifying particle motion in real, relevant microscopy data, with
expected results. We then validated the accuracy of the method us-
ing simulated image series. Finally, we compared the accuracy of the
method to a previously published, well known, single-particle track-
ing method. The results showed our tracking method to be reliable
and functional.
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